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ABSTRACT
Spoilage of meat products can be caused by either microbial growth, chemical 
changes such as rancidity or sensory changes such as loss of texture, colour or 
flavour. The ability to predict how long it will take before such changes become 
unacceptable is important to the food industry as it enables them to assign a realistic 
shelf-life to the food product. Predictive microbiological models are being 
increasingly used to predict the growth of spoilage organisms and pathogens. The 
specific aim of this study was to develop a robust model for meat spoilage organisms, 
which could be used to estimate the likely shelf-life based on microbial numbers and 
sensory loss.
A predictive model was successfully produced using a mixed cocktail of sixteen 
organisms comprising the major spoilage genera on meats. The model encompassed a 
wide range of environmental conditions (pH, temperature, nitrite and salt) including 
many at the boundaries for growth where microbial growth is highly variable. The 
variability in microbial growth response at these boundaries was measured, which 
increases the confidence in the reliability of model predictions at extreme conditions. 
A model has not previously been developed for such a large mix of microbial genera 
over such a range of conditions.
The performance of the complex model was as good as may be expected from a single 
species model and it was able to account for the range of microbial interactions 
observed in the typical microflora observed in meat products. Furthermore, this work 
demonstrated that it is possible to predict the likely sensory failure of a cooked meat 
product based on levels of meat spoilage organisms present.
The use of a mixed microbial group to predict the growth and likely sensory failure of 
food products over a wide range of conditions is a significant contribution to the 
development of future models for the food industry.
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CHAPTER 1 
INTRODUCTION
1.1 AIMS AND OBJECTIVES
The microbiological quality of commercial foods is achieved by a careful balance of 
raw material specifications, product formulation, processing and storage conditions, 
which aim to control the growth of spoilage organisms during the designated shelf- 
life. Food spoilage is a general term to describe the microbiological and chemical 
processes that render a food unacceptable for consumption, and excessive amounts of 
foods are lost to microbial spoilage each year (Gram et al., 2002). For example, as 
much as 25% of all foods is thought to be lost to microbial spoilage (Anon, 1985). 
Accurate prediction of product shelf-life is therefore required to minimise potential 
losses.
This thesis is concerned with the effect of environmental conditions on bacterial 
growth in relation to shelf-life and food spoilage.
The traditional approach to determine the microbiological shelf-life of foods is to do 
empirical studies monitoring the increase in microbial levels over time. While it has 
long been known that microbial spoilage of many foods is caused by a small 
proportion of the organisms present (e.g., Mossel and Ingram, 1955), it is still quite 
common to use a pre-determined level of total microorganisms as the criterion to 
indicate end of shelf-life (IFST, 1999; PHLS, 2000).
A typical shelf-life analysis for chilled ready-to-eat (RTE) meat products will 
therefore evaluate the growth of major bacterial groups including lactic acid bacteria 
(LAB), Pseudomonas species and Enterobacteriaceae. This laboratory-based 
approach can be very time-consuming and costly and a different approach is needed 
to increase the efficiency of shelf-life evaluation. Predictive microbiological models 
have been increasingly used as tools to determine the effects of product formulation 
or storage conditions on the growth of relevant microorganisms. Such tools have 
widespread application to many parts of the manufacturing chain, yet their 
integration into regular use has been relatively slow.
For microbiological models to have greater use throughout the food industry they 
need to address the current limitations. The aims of this thesis are to
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- assess the views of the food industry on the use of predictive models
- develop and validate a predictive model for chilled RTE meat products based on 
a mixed group of spoilage organisms as affected by temperature, pH, nitrite, and 
salt.
- evaluate the variation in microbial growth data and the effect this has on 
predictive models.
attempt to link predictions of microbial growth with detectable sensory changes 
in foods.
In this way, it is hoped to improve the understanding of how predictive models can 
be developed using mixed microbial populations. The advantages and limitations of 
models will be compared with empirical challenge test trials and a clear message on 
the future application and use of predictive microbiological models throughout the 
food industry will be given.
1.2 LITERATURE REVIEW
1.2.1 Bacterial ecology of ready-to-eat meat products
The bacterial spoilage of RTE meat products is caused by a diverse range of Gram 
positive bacteria, e.g. Lactobacillus spp. (Holley 1997; Samelis and Georgiadou, 
2000; Schillinger and Luecke, 1989) and Gram negative bacteria including 
psychrotrophic organisms, e.g. Pseudomonas spp. (Gill and Newton, 1977). The term 
RTE meats are defined in the context of this thesis as chilled meat or poultry 
products such as hams, sliced meats, pates and pies, which are cooked and intended 
for consumption without further heat treatment.
The microflora present at the end of the shelf-life will depend on product formulation 
and manufacturing conditions (Gardner, 1983) as well as the type of preservative, 
typically sodium chloride, nitrite (Borch et al., 1998) and/or sulphite (Dalton et al., 
1984). While certain meat products, e.g. heat processed sausages, are prone to 
spoilage by yeasts (Viljoen et al., 1993), these organisms are generally not 
considered to be important in the spoilage of meat products where conditions are
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suitable for more rapid bacterial growth (Jay and Margitic, 1981). This thesis will 
concentrate on the bacterial spoilage of meat products.
There can be a broad spectrum of bacteria present in RTE meats immediately after 
manufacture, reflecting the varied microflora of fresh meats. However, LAB tend to 
predominate in many spoiled products, e.g. frankfurters (Blickstaad and Molin, 
1983), refrigerated braunschweiger containing 156 ppm nitrite (Chyr et a l , 1981) 
and cured hams (Gasana and Simard, 1985; Schillinger and Luecke, 1989). 
Lactobacillus sake often predominates in ham products (Holley et al, 1996), 
although other studies have found that Leuconostoc spp. dominated in spoiled 
vacuum packaged meats (Yang and Ray, 1994).
The shelf-life of RTE meats is influenced by the packaging conditions used which 
affects the dominating microflora. Sliced cooked ham had a shelf-life of 45 days at 
4 °C when packaged in 40% CO2/60% N2, but only 14 days under vacuum (Papa and 
Passarelli, 1995). Zamora and Zaritzky (1985) showed that in aerobically packed 
beef at 4°C, the levels of LAB, Pseudomonas and Enterobacteriaceae represented 
3.5%, 69% and 1% of the population respectively, whilst in vacuum packaged beef, 
the percentages were 91%, 1.3% and 6 % respectively.
While LAB are usually responsible for many of the spoilage defects seen in cured 
hams such as slime formation and greening, other defects are associated with high 
levels of Enterobacteriaceae and Staphylococcus spp. (Marin et a l, 1992; Marin et 
al, 1996). Presence of a white film on the surface of vacuum packaged sliced ham, 
has been linked to growth of Micrococcaceae (Benezet et a l, 1995) and spoilage of 
dry ripened French hams has been reported to be due to Pseudomonas spp., 
Moraxella and Flavobacterium (Pova, 1987).
It can be seen that there is a diverse bacterial flora associated with RTE meat 
products. The dominant organism in each case will depend on the intrinsic properties 
of the food and the storage conditions. Poultry meat is often spoiled by Shewanella 
putrefaciens which can particularly grow well at the higher pH values (>pH 6.0) 
associated with poultry thigh meat. Brochothrix thermosphacta is often found in 
MAP or VP meats and is particularly associated with lamb products. There are
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several good reviews of the microflora of meat products including Brown (1982) and 
Jacksen et a l , (1997).
1.2.2 Effect of environmental condition on bacterial growth response
For microbial cells to grow, they need to maintain an optimal internal environment in 
terms of, for example, acidity, and solute concentration. The aim of food 
preservation systems is to disrupt the internal environment of the cell such that 
growth is no longer possible. Slight changes in cytoplasmic conditions may be 
sufficient to stop enzyme systems functioning and divert cellular energy to 
homeostatic mechanisms to re-establish optimal conditions for growth. The more 
successful the disruption achieved by the preservation system, the longer the shelf- 
life of the food will be.
In RTE meat products, the microorganisms present will be exposed to four main 
stresses (chill temperature, pH, water activity and nitrite). Each bacterial group will 
respond to these environmental stresses in different ways and it is likely that the 
dominant organism will change with different combinations of these stresses. The 
modes of action and main responses of bacteria to these four stress factors are 
considered below.
1.2.2.1 The plasma membrane
In reviewing the microbial response to environmental conditions, it is useful to 
consider the importance of the plasma membrane to microbial functions. The 
membrane provides an interface between the external environment and the cytoplasm 
of the microbial cell (Russell et al., 1995). It controls the entry of nutrients into the 
cell and the excretion of waste or toxic compounds. It can also act as a sensor of 
external stress factors and initiate cell response mechanisms.
The plasma membrane consists of a double layer of lipid molecules arranged with the 
hydrophilic head groups on the outside and the hydrophobic tail groups pointing 
inwards towards each other. Contained within the lipid bilayer are a number of 
protein molecules, which act as transport systems or enzymes. Levels of specific
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ions, e.g. H+ are higher on the exterior than the interior of the cell and thus an ionic 
gradient or trans-membrane potential is created.
The lipid bilayer is relatively impervious to water or water soluble molecules. Some 
molecules and ions may be able to passively transport through the membrane 
whereas others, e.g. charged ions such as Na+, H+, K+, need to be actively transported 
by specific proteins within the membrane, a process which requires energy in the 
form of ATP.
The plasma membrane is a fluid structure and correct maintenance of the cell’s 
homeostasis is reliant on the correct fluidity. Any changes to the fluidity of the 
membrane may prevent the transport of nutrients into the cell, the generation of 
energy or the export of harmful compounds. Plasma membranes are thus vital to the 
correct functioning of the cell. Environmental factors such as solutes, pH and 
temperature all alter the structure and/or function of the membrane (Russell et al., 
1995). Gram negative bacteria have a second outer membrane which offers some 
protection against environmental factors (Maillard, 2002), but the effects of nitrite, 
salt, temperature and pH discussed below appear to occur at the inner plasma 
membrane for both Gram positive and Gram negative organisms.
1.2.2.2. Effects of temperature
Storage temperature can have a dramatic effect on microbial growth. Not only is 
growth of microorganisms reduced or even prevented at low temperatures, but they 
also express different genes and are physiologically different (Montville, 1997).
Different microbial groups are able to tolerate low temperatures to varying extents 
and microorganisms are typically divided into psychrotrophs, psychrophiles, 
mesophiles and thermophiles. As a general rule psychrotrophic and psychrophilic 
organisms can grow as low as 0°C, mesophiles do not grow below 6 -8 °C and 
thermophiles do not grow below 30°C. Cold tolerant organisms have adapted so that 
their membranes are more fluid and their enzymes operate at low temperatures 
(Russell, 2002) achieving growth rates similar to mesophilic organisms.
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Each bacterial species will have a maximum temperature, above which growth will 
stop, an optimum growth temperature and a minimum temperature below which 
growth will not occur. If a cell is moved from an optimum growth temperature to a 
chill temperature, there are a number of immediate responses which will occur within 
a cell. The first response is a decrease in growth rate which is a purely chemical 
response as metabolism slows according to the Arrenhius equation (Gounot, 1991). 
As a general rule of thumb, it has been suggested that the reaction rate halves with 
every 10°C decrease in temperature over a normal growth range (Montville, 1997).
The major physiological effect will be on the plasma membrane. As the temperature 
decreases the membrane will become less fluid, the membrane-associated metabolic 
processes will be affected and nutrient uptake will slow down. The passive transport 
of solutes will be affected, as will the active transport mechanisms. In order to 
maintain the correct functioning of the cell, the fluidity must be restored. This can be 
achieved by a cell increasing the level of unsaturated fatty acids in the membrane.
For example Esherichia coli has approximately three times as much unsaturated fatty 
acids when grown at 10°C compared with cells grown at 43 °C (Stanier et al, 1977). 
Fatty acid chain length can be shortened or become more branched, or the double 
bonds in unsaturated fatty acids can be changed from cis to trans.
The speed with which a bacterial cell can restore membrane fluidity will depend on 
the mechanisms used. For example, the increase in unsaturated fatty acids is 
achieved by membrane bound desaturases. As these are situated in the plasma 
membrane they are in contact with the membrane fatty acids and thus able to react 
quickly. Other changes such as shorter chain length and increased branching will 
require new lipids to be produced within the cytoplasm. This will be a slower 
response and require some growth or metabolic activity. Bacteria reliant on these 
mechanisms will usually stop growing for several hours after a sudden lowering of 
temperature.
Salmonella and Lactobacillus species adapt almost entirely by changing the level of 
unsaturated fatty acids (Russell et al., 1995) and should therefore respond within 
minutes to a decrease in temperature. Listeria modifies the fatty acid branching 
patterns and Bacillus species use a combination of both mechanisms (Russell 2002).
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Another response mechanism to chill temperature exposure is the cold shock 
response. This is a specific pattern of gene expression in response to abrupt shifts to 
lower temperatures and can involve the expression of genes for up to fifty different 
cold shock proteins, dependent on the species. The number of cold shock proteins 
produced for any species will depend on the rate and extent of temperature drop. For 
example, Pseudomonas fragi produces 15 cold-shock proteins on decreasing from 20 
to 5°C, and 24 cold shock proteins when reduced from 30 to 5°C (Hebraud and 
Potier, 2000).
The cold shock response has been described recently by Russell (2002) and involves 
many complex physiological actions. One effect of low temperature is to block the 
initiation of protein synthesis. Cold shock proteins can stabilise messenger RNA and 
re-initiate production of proteins. Other cold shock proteins such as inducible 
desaturases are linked to the stabilisation of the membrane fluidity (Aguilar et al., 
1998).
1.2.2.3 Effects of reduced pH
There are two different categories of acids, strong acids such as hydrochloric acid 
and weak or organic acids such as acetic or lactic. The two groups affect bacterial 
cells in different ways according to their ability to cross the plasma membrane.
(i) Strong acids
Strong acids fully dissociate in solution. They can denature enzymes on the cell 
surface and may also increase the permeability of the membranes to protons due to 
the strong electric charge generated across the membrane when there are excessive 
H+ ions on the exterior of the cell. The efficiency of the active transport systems is 
reduced and uptake of nutrients into the cell limited. The plasma membrane is 
usually impermeable to strong acids. Therefore, the pH of the external environment 
can be reduced substantially without any effects on the internal cytoplasmic pH 
(pHi). For example, in E.coli, the pHi changes by less than 0.1 pH unit for every unit 
change in the external environment over the range 4.5-5.9 (Hill et al., 1995).
(ii) Weak acids
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Weak acids only partially dissociate in aqueous solutions. At the pH values 
commonly found in foods (>4.0), appreciable levels of undissociated acid can be 
present (Figure 1.1).
Such molecules are uncharged and can enter freely across the plasma membrane. 
Once in the cell, the molecules dissociate at the higher pH values and release protons 
into the cytoplasm. This lowers the pHi which has a number of effects.
(i) conformational changes will occur to cytoplasmic enzymes and stop them 
functioning.
(ii) the trans-membrane potential will be disturbed as the level of ions in the 
cytoplasm increases.
(iii) the proton pumps will increase their activity and thus use a lot of the cell’s 
energy to drive the pumps.
Figure 1.1 Interactions of weak acids on the microbial cell (adapted from 
Montville, 1997)
CHjCOO'+iT 
k
Acetic acid CH3COOH Exterior of cell - pH 4.0 favours undissociated acetic acid 
molecule
Interior of cell - pH 7.0 favours 
dissociated molecule
ATP + ATPaseProton pumps remove excess 
H+ ions and use energy ADP + P
H
There are passive and active homeostatic mechanisms, which will try to restore the 
proton balance in response to changes in pHi. There are two main passive responses. 
Firstly, as discussed above, the plasma membrane is relatively impermeable to 
protons. Weak acids can overcome this by passing through the membrane in an 
undissociated form, however strong acids cannot do this at the pH values used for 
food preservation. Secondly, the cytoplasm is an excellent buffer. A cell exposed to 
low pH environments can increase the cytoplasmic levels of proteins and glutamates 
and increase the buffering capacity.
The most effective response to pH involves an active mechanism. Bacteria regulate 
their pHi primarily through the controlled movement of protons (H+) to the exterior 
of the cell. The predominant response mechanism depends on the ATPase proton 
pumps which export H+ ions to the exterior of the cell at the expense of ATP energy.
Another effect of low pH on microorganisms is the acid shock response. This is 
similar to the cold shock response where a series of specific genes are expressed in 
response to an acidic environment. A response seen in many bacterial species is to 
change the composition of the cytoplasm. Enzymes are induced that will produce 
alkaline products such as cadaverine which help to neutralise the acidity. 
Decarboxylases are also produced which remove acidic carboxyl groups and release 
C02.
1.2.2.4. Effects of low water activity
Reducing the water activity (aw) of the environment can have a dramatic effect on 
microorganisms, increasing the lag phase and decreasing the growth rate. Each 
bacterium has a minimum aw below which it cannot grow. This limiting aw value will 
depend on the type of solute used. Salts (e.g. NaCl, KC1) and sugars (e.g. glucose and 
sucrose) produce a similar response pattern in bacteria; glycerol acts differently. 
Bacteria can generally tolerate higher levels of glycerol as it is able to enter the cell 
freely and does not cause the osmotic stress mechanisms seen with non-peimeant 
solutes. For example, in Ps.fragi, and LAB, it has been shown (Sperber, 1983) that 
the minimum aw allowing growth when NaCl was used was 0.957 for Ps. fragi and 
0.963 for LAB. When glycerol was used, the minimum aw for growth was 0.94 and 
0.928 respectively.
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When a bacterium is placed into a low aw environment, plasmolysis can occur with a 
loss of up to 50% of the cell’s water. Plasmolysed cells stop growing and need to be 
returned to a correct internal aw to restore turgor pressure and restart growth.
Bacterial membranes are highly permeable to water and lack mechanisms for 
actively pumping water between the cytoplasm and the environment (O’Byrne and 
Booth, 2002). Other mechanisms are required to achieve homeostasis:
- the external solute can enter the cell and restore the balance. This necessitates 
suitable transport mechanisms for the solute and the correct functioning of 
cytoplasmic enzymes systems in the presence of high levels of the solute.
- the cell can accumulate or produce a different solute from the one exerting the 
osmotic stress, which will allow the osmotic potential to be balanced and will 
allow the cytoplasmic enzymes to function correctly, e.g. glutamate, carnitine, 
betaine
In most bacteria, the second mechanism is the one taken to counteract the majority of 
solutes, except for glycerol, where the first mechanism is used. As the bacterium 
loses water, one of the first consequences is that the cytoplasmic levels of K+ 
increase. This triggers enzymes such as glutamate dehydrogenase to form glutamate 
from oc-ketoglutarate. As the glutamate levels increase, water starts to re-enter the 
cell and growth resumes. Most bacteria have this ability to accumulate intracellular 
amino acids as ‘compatible solutes’. These are inert molecules that can be 
accumulated by a bacterial cell to restore the osmotic balance without impacting on 
enzyme activity (O’Bryne and Booth, 2002).
The type of compatible solute that bacteria accumulate will govern the minimum aw 
under which they can grow. The salts of glutamtic acid e.g. potassium glutamate are 
negatively charged, and in order to balance this charge within the cytoplasm, a 
counteracting cation is required, this is usually K+. When the glutamate levels are 
high enough to counteract an external environment of aw 0.95, the level of K+ 
required to balance the negative charge is so high that it begins to inhibit enzyme 
functions. Therefore, bacteria, which use glutamate as the main compatible solute, 
tend to grow to a minimum of 0.95 and no lower.
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Some bacteria have appropriate enzyme systems to decarboxylate glutamate to 
gamma aminobutyric acid (GABA) or to reduce it to proline (Sperber, 1983) These 
solutes are relatively uncharged and as such do not require high levels of K+ as a 
counterbalance, and growth can occur at lower aw levels. The ability of a bacterium 
to decarboxylate or reduce glutamate will therefore determine how resistant it is to 
low aw (Table 1.1).
Table 1.1 Minimum aw values for growth of meat spoilage organisms as affected 
by their ability to produce glutamate, GABA or proline, as compatible solutes
Organism Increases seen in Minimum aw for
Glutamate GABA Proline growth (NaCl)
Pseudomonas
Ps. aeruginosa + - - 0.97
Enterobactericeae
E. coli + + + 0.95
Serratia marcescens + - + 0.943
Lactic acid bacteria
Lac. plantarum + - + 0.945
Adapted from Sperber, 1983
Although the passage of water into the cell is essentially passive and dependent on 
the ratio of solutes internally and externally, there is recent evidence that some 
bacteria have ‘water channels’ to accelerate the passage of water. The speed of 
passage depends upon the osmolarity of the medium and will determine the 
regulation of gene expression to initiate the correct homeostatic mechanisms 
(O’Bryne and Booth, 2002).
Osmotic stress can be a signal to the cell to prepare for the stressful conditions to 
come. For example, Staphylococcus aureus, which is particularly resistant to low aw, 
has three active transport systems for compatible solutes. It has one specifically for 
betaine, one for proline and a third, which is triggered by osmotic stress and can 
actively transport both. Similarly, LAB have uptake systems for betaine and carnitine
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which are strongly activated by osmotic stress. The systems can sense and respond to 
changes in the physiological state of the membrane.
Some of the compatible solutes may also be produced when the bacterial cell is 
exposed to refrigeration temperatures. L. monocytogenes has been shown to 
accumulate betaine and carnitine at refrigeration temperatures where there is no 
apparent osmotic stress (O’Bryne and Booth, 2002). It is possible that a higher level 
of compatible solutes can increase the fluidity of the bacterial membrane, conversely, 
it is possible that changes in the membrane caused by cold temperature, trigger the 
active transport systems for betaine and carnitine. This response shows how closely 
linked all the homeostatic mechanisms are for a variety of environmental stresses.
1.2.2.5. Effects of nitrite
Nitrite was originally added to meat products to give the characteristic pink 
coloration of cured meats and to inhibit growth of spore forming bacteria, 
particularly Clostridium botulinum. It is usually added as a potassium salt (KNO2, 
E249) or a sodium salt (NaNC>2, E250) with a legal maximum in-put value of 150 
mg/kg or a residual value of 50 mg/kg. It has been extensively studied since the early 
1950’s and minimum inhibitory concentrations against a range of organisms have 
been established. (Tompkin, 1993). Nitrite has limited effect against yeasts (Nielson, 
1983a) and many of the microbial groups associated with meat products such as 
Enterobacteriaceae, Pseudomonas and Lactobacillus (Singhal and Kulkami, 2000).
In bacterial spores, the antimicrobial target appears to be the iron-containing 
enzymes, whilst studies in the 1960’s showed that nitrite formed antimicrobial 
substances during heating which were effective against Cl botulinum in shelf-stable 
canned cured meats (Tompkin, 1993).
The primary modes of action on other microrganisms are reported (Singhal and 
Kulkami, 2000; Surekha and Reddy, 2000) to be:
(i) inhibition of respiration by inactivation of key enzymes
(ii) reduction in the levels of intracellular ATP
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(iii) reduction in the efficiency of the active transport systems by blocking 
important enzyme pathways
(iv) release of nitrous acid and nitric oxides
(v) formation of S'-nitroso compounds by reaction of nitrite with haem proteins
Like many food preservatives, nitrite works better under acidic conditions which 
favours the production of undissociated nitrous acid and thus permits its entry into 
the bacterial cell.
1.2.2.6. Combined preservation factors
Each of the antimicrobial factors above has been discussed in isolation. However, it 
is rare that a single factor is used to achieve effective preservation. It is more usual to 
use a combination of sub-lethal factors, which will target different groups of 
organisms within a food. This approach called ‘hurdles technology’, has long been 
used in food preservation, e.g. for fermented meat manufacture (Leistner, 1995).
There is some evidence in more recent reports, however, that exposure of a cell to 
multiple stresses actually gives the bacterium an enhanced stress response system. 
O’Byme and Booth (2002) described how L. monocytogenes grown at refrigeration 
temperatures, accumulated the compatible solutes, betaine and carnitine, which are 
response mechanisms to osmotic stress. If L. monocytogenes were pre-adapted to 
chill temperatures and subsequently placed into a low aw environment, it should be 
able to respond more quickly to restore the osmotic balance.
A similar cross protective response has been found in E. coli 0157 cells exposed to 
salt and acid stress (Casey and Condon, 2002) where the timing of exposure to the 
two stresses was critical to offer cross protective effects. A 4-log reduction in levels 
of E. coli was observed when cells were exposed to pH 4.2 in the absence of salt, 
however, when 4% salt was added at the beginning of the experiment, only a 1-log 
reduction was seen. If the salt was added 45 minutes into the trial then there were no 
cross protective effects. Cells treated with no salt had a pHi of 5.23 whilst those with 
4% salt had a pHi of 5.79. It would appear therefore, that the accumulation of 
compatible solutes in response to the osmotic stress was also able to reduce the 
acidity of the cytoplasm. When the salt was added 45 minutes after the acid stress, it
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is likely that the pH of the cytoplasm was already reduced and the cell was unable to 
counteract the effects.
The reverse situation has also been reported recently, where exposure to acid 
increased the tolerance to high salt (Cheng et al., 2002). Here, acid-adapted E. coli 
0157 cells showed enhanced survival in 8 % salt compared with non-adapted cells. 
When bacteria are exposed to a variety of stresses, they are able to alter their gene 
expression to induce response mechanisms, which protect the cell. It is considered 
that bacteria often co-ordinate their response to environmental stresses using a single 
global stress response mechanism (O’Byrne and Booth, 2002). In many Gram 
negative organisms this is achieved via the RpoS sigma factor (as). In E. coli, the a s 
regulon includes over 50 genes, which code for response mechanisms to a wide 
range of stresses including osmotic, pH and oxidative stresses. Therefore osmotic 
stress could also increase tolerance to low temperature and high acidity.
In conclusion, it can be seen that a bacterial cell exposed to low pH, temperature and 
salt stresses induces a wide range of homeostatic response mechanisms. These 
require energy and will cause slowing or cessation of growth. Choosing the right 
combination of inhibitory factors to prevent growth of food pathogens and spoilage 
organisms is the key to successful food preservation.
1.2.3 Microbial interactions
Chemical and physical parameters are often the main factors determining the growth 
of spoilage organisms in foods; however, interactions between microorganisms 
themselves may also contribute to their growth and spoilage activity (Gram et al., 
2002). RTE meat products contain many bacterial species. Each of these will occupy 
its own domain within the food. When the domains of different organisms overlap, 
interactions will occur (Boddy and Wimpenny, 1992). Such a situation could be 
envisaged with respect to O2 availability. For example, strict aerobic organisms such 
as Pseudomonas spp. would thrive on the surface of a meat product where the 
oxygen levels were high, whilst Clostridium species would thrive in the interior. At 
the interface between the different domains, oxygen availability would slowly be 
limited by the growth of the Pseudomonas to at point at which it would stop growing
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and the Clostridium spp. would be able to grow closer to the meat surface due to the 
reduction in oxygen tension.
Several different types of microbial interaction can occur in foods and Buchanan and 
Bagi (1997) have simplified these into three mechanisms.
(i) No interaction (commensalism)
Organisms have different niches and growth requirements and should grow 
independently of each other, for example, one organism could be able to 
utilise lactose and a second utilise glucose in a food containing both sugars.
(ii) Mutualism
Both organisms benefit from simultaneous growth in the environment. One 
organism could produce extracellular enzymes, which help release essential 
nutrients, to aid the growth of the second species.
(iii) Antagonism
Organisms compete for the same substances or may produce inhibitory 
metabolites, which changes the local environment, or directly affect other 
organisms. The growth characteristics of the weaker organism will be 
affected by the stronger competitor. In many cases, the final maximum 
population of the weakest organism is decreased (Buchanan and Bagi, 1999; 
Duffy et al., 1999) although this may not occur until levels of the competitor 
have reached high levels, e.g. 108 gram' 1 (Malakar et al., 1999; Steele and 
Stiles 1981a).
Microbial populations often interact in more than one way, even in laboratory 
situations (Fredrickson, 1977). This will certainly be the case in a complex food 
system containing many different groups of microorganisms and heterogeneous 
environmental conditions. In mixed cultures of Salmonella and Pseudomonas 
species, Salmonella was able to inhibit growth of Pseudomonas species at higher 
growth temperatures, i.e. 30°C, whereas, the converse was true at low at lower 
temperatures, i.e. 20°C (Thomas and Wimpenny, 1996).
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Hurst (1973) reviewed the area of microbial interactions and reported that many 
Gram positive and Gram negative bacteria were capable of affecting the growth of 
competing organisms, including
• Spore forming bacilli
• LAB, including, Streptococcus spp., Faecal 
(Group D) streptococci and Lactobacillus spp.
• Micrococcus
• Pseudomonas
• Coliforms
• Staphylococcus aureus
There is limited information on Enterobacteriaceae as competitors. Hurst (1973) 
reported inhibition of Staph, aureus by E.coli and recently, Tait and Sutherland 
(2002) have shown antagonistic interactions from bacteriocin-producing 
Enterobacteriaceae in biofilms.
The competitive characteristics of Pseudomonas and lactic acid bacteria have been 
studied in more detail and these will be discussed further below.
1.2.3.1 Lactic acid bacteria
The group Tactic acid bacteria’ (LAB) contains many genera including, 
Streptococcus, Lactobacillus, Pediococcus, Micrococcus, Leuconostoc and 
Carnobacterium. This group is very diverse, and has widely differing growth 
requirements (Ingram, 1975), however, they share two common features, they are all 
Gram positive and they all have the ability to produce lactic acid as an extracellular 
metabolite. Some of the important species in meat spoilage includes L. viridescens, 
L. plantarum and Lew. mesenteroides (Brown, 1982).
The ability of LAB to inhibit other microorganisms has long been used in fermented 
products such as preserved meats, fermented pickles and vegetable products (e.g. 
sauerkraut) and in some dairy products such as cheeses. The primary mode of action
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seems to be a reduction in the pH of the growth matrix due to acid production, 
although in some cases, other factors such as production of bacteriocins may play a 
role (Adams, 2001; Gombas, 1989).
Hanna et al. (1980) advocated the deliberate introduction of LAB to vacuum 
packaged (VP) raw beef steaks to inhibit other spoilage organisms, although it would 
appear that the ability of LAB to act as a biopreservation system is highly variable.
In some studies LAB were found to inhibit the growth of Cl botulinum (Crandall and 
Montville, 1993: Hutton et al., 1991) whilst in other studies, no inhibition was seen 
(Crandall et a l, 1994). More recently, Metaxopoulos et al. (2002) reported that LAB 
successfully inhibited spoilage organisms on preserved meat products stored at 4°C.
The success of LAB as competitors will depend on a number of factors. These have 
been summarised by Gombas (1989) and others as:
(i) concentration o f LAB present
n 1Many workers have reported that high levels of LAB (at least 10 ml' ) are needed to 
inhibit other organisms. Studies on the interactive growth of Lactobacillus spp. and 
Enterobacter cloacae (Malakar et al., 1999) showed that inhibition of E. cloacae
o
occurred when the Lactobacillus spp. had reached a level of 10 cfu/ml. Other studies 
have shown that ham containing 104 LAB per gram allowed growth of a range of
O Q
pathogens (Steele and Stiles, 1981b), whilst ham at 10 -10 LAB per gram did not.
(ii) type and concentration o f fermentable carbohydrate
LAB need fermentable sugars to produce acid. Glucose is the most readily 
fermentable sugar, whilst others, e.g. sucrose are more difficult to ferment.
In foods containing little or no readily fermentable carbohydrates, acid production 
and consequently microbial inhibition due to pH reduction will be limited. Therefore, 
where production of acid is critical, addition of fermentable carbohydrate to the 
growth medium or food product is advisable (Hutton et al., 1991; Ingram, 1976).
(iii) growth and acid production at refrigeration and abuse temperatures
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LAB do not generally grow well at refrigeration temperatures and may have a lag 
phase of up to 500 hours at 2°C (pH 5.4, 0.5% salt) (Betts and Linton, 1998). They 
are unlikely therefore, to compete well or exert any antimicrobial effects at such 
temperatures. It has been proposed that LAB could therefore be included in chilled 
foods as a biocontrol mechanism. If good chill temperatures were maintained then 
the LAB would not grow. If, however, the storage temperature was abused then the 
LAB should be able to grow and out-compete any pathogens which may be present 
(Hutton et al., 1991).
(iv) presence o f inhibitory factors
The ability of LAB to grow and produce acid in a product is affected by the presence 
of inhibitory substances in the growth environment. For example, inhibition of LAB 
has been shown to occur in cheese products where the levels of salt are high (Ibrahim 
et al., 1981).
The antagonistic effects of LAB have been extensively studied in relation to control 
of pathogens, particularly L. monocytogenes (Buchanan and Bagi, 1997; Breidt and 
Fleming, 1998). The antimicrobial effects were achieved primarily by pH reduction 
and oxygen depletion, which reduced the maximum population of the pathogen. 
Bacteriocin production was ruled out as a likely cause of inhibition as, bacteriocin- 
negative strains were also able to exert an antimicrobial effect. Different results were 
obtained in food studies containing naturally present LAB. For example, in cooked 
chicken stored under modified atmosphere (MAP) conditions at <10°C for up to 5 
weeks, there was no effect on either L. monocytogenes or Yersinia enterocolitica 
caused by the naturally present LAB (Barakat and Harris, 1999).
It would appear therefore that LAB have the potential to suppress the growth of 
competing microorganisms, primarily due to organic acid production and reduced 
pH. It has also been shown that the inhibitory effects of LAB in foods are 
inconsistent, and whilst they may suppress growth of pathogens in some situations, 
this does not always occur. LAB tend to dominate in MAP meat products, possibly 
due to their antagonistic properties but also because they thrive in low oxygen 
environments and are particularly resistant to CO2 unlike aerobic competitors such as 
Pseudomonas which are more dominant in aerobically packed products.
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1.2.3.2 Pseudomonas species
There are many species of Pseudomonas which are important in meat spoilage.
Ps. fluorescens is known to cause pigmentation, Ps. fragi causes sweet fruity odours 
and Ps. lundensis causes putrid odours (Brown, 1982). The role of Pseudomonas 
spp. in microbial interactions has been fairly extensively studied and it is apparent 
that this organism can have either a stimulatory or inhibitory effect on competing 
microorganisms, dependent on the environmental conditions and characteristics of 
the other organism present
Many interaction studies on Pseudomonas have looked at its simultaneous growth 
with bacterial pathogens, particularly L. monocytogenes. At low temperatures (3°C), 
Ps. fluorescens had no effect or a slight stimulatory effect on pathogen growth, 
however, at 11°C, the growth of the pseudomonad appeared to be slightly inhibited 
by the pathogen (Marshall et al., 1992). Marshall and Schmidt (1988) found that 
there was no effect on either organism when grown together in skimmed milk at 
10°C, although the growth ofZ. monocytogenes was significantly enhanced if the 
milk was precultured with Pseudomonas species.
Similar effects were shown for E. coli 0157: H7 (Quinto et al., 1996) in skimmed 
milk where growth of the pathogen was enhanced in the presence of Ps. fluorescens 
at 25°C. A likely explanation is the production of extracellular proteases by the 
Pseudomonas species which make the nutrients readily available for use by the 
pathogen.
Buchanan and Bagi (1999) evaluated the microbial interaction between 
Ps. fluorescens andZ. monocytogenes at 4 to 19°C and 0.5 to 4.5% salt. They found 
that Ps. fluorescens either had no effect or inhibited growth of L. monocytogenes and 
in particular decreased the maximum population obtained. The extent of this 
suppression was dependent on the conditions in the growth medium but under low 
temperature (4°C) and low salt (0.5%), the maximum population of 
L. monocytogenes was reduced to a logio value of 5.2 cfu ml'1 compared with 9.5 cfu 
ml'1 for a pure culture.
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In co-inoculated studies with an anaerobic pathogen, the depletion of oxygen levels 
due to rapid growth by Pseudomonas had a stimulatory effect on growth of the 
competitor. Ps. fragi and Clostridium perfringens were grown on roast beef at low 
(13°C) and high (27°C) temperatures in a range of MAPs containing 75% CO2 and 5 
to 25% oxygen (balance N2) (Hintlian and Hotchkiss, 1987). Cl. perfringens was able 
to grow to levels of 107 in air packed samples in the presence of Ps. fragi, which had 
reduced the levels of oxygen to <1%.
There are many mechanisms by which Pseudomonas species are thought to exert 
inhibitory effects (Buchanan and Bagi, 1999; Hurst, 1973; Freedman, 1989; Gill and 
Newton, 1977; Gram, 1993). These include:
competition for amino acids
- production of cell wall lytic enzymes which are particularly effective against 
Staph, aureus
- siderophore production to increase iron uptake or other means of sequestering 
trace minerals and growth factors
- high affinity for oxygen which will be detrimental to other aerobic organisms
In the cases where Pseudomonas has been shown to be a poor competitor this is 
thought (Hintlian and Hotchkiss, 1987; Marshall et al., 1992) to be due to:
- weak competition for nutrients in the presence of rapidly growing competitors
- depletion of oxygen during growth
- presence of increased levels of CO2 which are inhibitory to Pseudomonas
It can be seen that the role of Pseudomonas species in microbial competition is 
multi-faceted. It has a high affinity for oxygen and can grow well at low 
temperatures thus making it dominant in aerobically packed chilled products. On the 
other hand, it is sensitive to environmental factors such as pH, salt and CO2 levels 
and can quickly become out-competed by organisms better adapted to these 
environments.
21
1.2.3.3 Mixed culture interactions and food environments
The interactions of microorganisms are complex enough in well controlled 
laboratory experiments using a limited range of conditions and carefully selected 
number of bacterial strains. Few studies have attempted to evaluate or quantify the 
microbial interactions, which occur when a wide range of microbial groups is 
present.
Pin and Baranyi (1998) quantified the interactive effects of a cocktail of thirty-two 
strains of meat spoilage organisms representing four main groups: Pseudomonas 
spp., Enterobactericeae, LAB and Brochothrix thermosphacta. Growth of single or 
mixed groups was evaluated in Tryptone Soya Broth at 2 to 11°C and pH 5.2 to 6.4. 
Of the single groups, Pseudomonas had the fastest growth rate followed by 
Enterobacteriaceae, LAB, and Brochothrix. In mixed cultures, Pseudomonas was 
unaffected by the presence of the other groups whilst LAB and Brochothrix had a 
reduced growth rate and Enterobacteriaceae were completely inhibited. It was 
concluded that Pseudomonas was the predominant group under these conditions, 
possibly due to depletion of nutrients and utilisation of oxygen.
These effects have not been demonstrated at higher temperatures. Wimpfheimer et 
al. (1990) evaluated the growth ofZ. monocytogenes at 4, 10 and 27°C in raw 
chicken packaged in MA and air in the presence of naturally present spoilage 
organisms {Pseudomonas and LAB). The spoilage flora had no effect on the growth 
of L. monocytogenes at any temperature and whilst the spoilage organisms were 
inhibited in the presence of high (>75%) CO2 and low O2 (<5%) levels, there was no 
effect on the pathogen.
Many studies on microbial interaction have concentrated on the inhibition of E. coli 
0157: H7. Duffy et al. (1999) evaluated the growth of this organism as affected by 
pH (7.0 to 4.8), temperature (15 or 37°C) and competitive flora {Ps. fluorescens, 
Hafnia alvei, Pediococcus acidilactici and Broch. thermosphacta). At 37°C, the lag 
phase of E. coli was significantly increased by the presence of all the competitive 
organisms, although mixtures of competitors were less effective than single species. 
The lag phase of E. coli in pure culture was l.lh  at 37°C. This increased to 3.4h in 
the presence of P. acidilactici, but only 2.2h, in the presence of all four competitors
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where it likely that the organisms were competing with each other as well as the 
pathogen.
Growth curves obtained in competitive situations should provide a better predictive 
tool for assessing likely spoilage in food (Duffy et al., 1999). Tamplin (2002) found 
that mathematical predictions of the growth of E. coli 0157: H7 deviated from 
observed growth in meat products due to effects of competitive flora and the food 
matrix.
1.2.3.4 Implications of microbial interaction for predictive model development
Minor changes in environmental condition will determine whether interactive effects 
of mixed microbial populations are expressed. The ability of a competitor to switch 
from having an inhibitory effect to a stimulatory effect has been observed by 
changing the O2 level by as little as 2% (Francis and O’Beime, 1998). If a predictive 
model based on a range of conditions is to be reliable, it must be capable of 
accommodating all these interactive effects.
Aggelis et al. (1998) produced a model for raw cured meat product, based on 
interactive growth of naturally occurring spoilage flora. They found that the model 
could not only be used to describe the growth kinetics in each sausage batch 
manufactured under the same conditions but could also be used for other fermented 
meat products produced with similar formulation characteristics.
In order to produce a model, with wide applicability, the growth of a mixed 
microbial population must be evaluated across a wide range of environmental 
conditions. In addition, the replicability of growth data needs to be evaluated to 
ensure it is consistent.
1.2.4 Predictive microbiological models
Microbiological modelling or predictive microbiology has been defined as the use of 
mathematical expressions to describe microbial behaviour (Whiting and Buchanan,
1994). Models can describe how bacterial populations change with time and how this 
change is affected by intrinsic and extrinsic parameters such as pH and temperature. 
The power of models is that they can use empirically derived data from a set of
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experimental conditions to predict the likely responses under a new set of conditions 
not previously tested.
The use of mathematical models to predict the behaviour of microorganisms has 
been developed over the past 20 years and today there are many types of predictive 
models available. These can be placed into different groups dependent on either the 
criteria used, e.g. the microbiological event studied, the modelling approach used or 
the variables considered (Whiting and Buchanan, 1994). This may lead to confusion 
when trying to compare models and in the early 1990’s when research was very 
prolific in this area there was a call for a definitive classification of models in order 
to give them meaningful descriptions. (Davey, 1992).
Whiting and Buchanan (1993) proposed a three-tier system to describe the relative 
stages of the mathematical modelling process, which appears to be accepted for use 
today.
(i) primary models which describe the response (growth, death or survival) of an 
organism to a single set of conditions in terms of, for example, growth rate.
(ii) secondary models, which use the answers from primary models, obtained in a 
range of conditions to produce mathematical equations. These are then used 
to determine the response under new conditions. It is possible to combine the 
primary and secondary stages in a single-stage surface response technique 
(Jones and Walker, 1993).
(iii) tertiary level models or modelling systems, which are the interface between 
the scientist and the end-user where the user can enter a set of 
intrinsic/extrinsic conditions and receive a predicted response.
There are several good reviews of the development of predictive modelling systems 
which describe the particular equations in further detail (McDonald and Sun, 1999; 
Skinner et al., 1994; Whiting, 1995). The main types of model available are 
summarised below.
(i) Kinetic growth models
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These predict growth parameters of microorganisms such as lag time, growth rate 
and time taken to achieve a specific increase in numbers. Kinetic models are time- 
consuming to produce as they rely on production of microbial growth curves plotting 
numbers against time and will usually only evaluate the effects of a limited number 
of factors (usually temperature, pH and salt/sugar) on microbial growth.
(ii) Time to growth models
These models are based on the time taken for specific microorganisms to either grow 
and produce turbidity in growth media or in the case of Cl. botulinum will often 
describe the time to toxin production. They do not measure the specific growth rate 
of the microorganisms but can give an indication of the duration of the lag phase and 
onset of growth. Such models are simpler to handle experimentally and are often 
based on turbidity measurements and can therefore be used to evaluate more factors 
than usually seen in kinetic growth models.
(iii) Inactivation models
These models are based on the death or inactivation kinetics of microorganisms as 
affected by processing, e.g. heat in combination with other factors. They allow a 
prediction to be made on the likely decrease in numbers of microorganisms under 
different process conditions.
(iv) Survival models
These models predict the ability of microorganisms to survive under adverse 
environmental conditions. They are particularly useful for organisms such as 
Salmonella or E. coli 0157, which have a low infective dose. For these organisms, 
the ability to survive during storage of a food is of more interest than whether or not 
growth will occur as the presence of a few cells can cause illness.
There are currently a number of publicly available modelling systems that can be 
accessed by the food industry. Three of these are described in further detail later in 
Chapter 3. Since this thesis is concerned with the use of models as tools to describe 
aspects of microbial growth, inactivation and survival models will not be analysed 
further.
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1.2.4.1 Types of growth models
There are many different equations, which can be used at the primary and secondary 
modelling stages (McDonald and Sun, 1999) as summarised in Table 1.2.
Table 1.2: Types of Growth Model
Primary models • Monod
• Sigmoid curves
- Gompertz
- Logistic
- Baranyi
• Probability models
Secondary models • Temperature dependent
- Arrenhius
- Modified Arrenhius (Davey; Schoolfield)
• Square root models
- Belehradek /Ratkowsky
• Polynomial/response surface
It is not intended to compare the relative merits of different modelling approaches, 
but, to use an approach, that has been developed at CCFRA over the past few years 
in Food MicroModel™ (Jones, 1993) and FORECAST (Betts and Eamshaw, 1998) 
based on the Gompertz and response surface equations (see 1.2.4.2, 1.2.4.S'). It is 
useful however, to describe how the approach taken compares with that used by 
other workers.
1.2.4.2 Primary models
Growth curves of microorganisms traditionally have three distinct phases; a lag 
phase where there is no increase in numbers, an exponential growth phase where 
numbers increase logarithmically and a stationary phase where there is no net change 
in numbers. In addition, there may be a fourth stage (death or decline) where there is 
a decrease in numbers, but this is not usually modelled as part of the growth curve. 
Such curves are typically ‘S’ shaped and hence described as sigmoidal curves. There
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are a number of sigmoidal models that have been applied to the microbial growth 
curve. They are based on similar principles but have slightly different ways of 
calculating growth kinetics, in particular the lag phase.
Gompertz model:
The Gompertz model was first proposed in 1825 to describe human mortality and it 
was not until some 160 years later that it was used to model bacterial growth kinetics 
(Gibson et al., 1988). The Gompertz equation (see 6.2.6) describes asymmetrical 
growth curves, which are typically seen in microbial growth and models four 
particular points (A, B, C and M) shown on the growth curve below (Figure 1.3).
Figure 1.3. Microbial growth curve showing the Gompertz parameters
Time (Days)
A = count at lower asymptote (approximately equivalent to initial count)
C = amount of growth (upper -  lower asymptote)
M = time at which growth rate is maximum 
B = relative growth rate at M
The Gompertz equation has been widely used to describe bacterial growth as affected 
by pH, temperature, salt and other environmental factors including nitrite. Models 
have been produced for Aer. hydrophila (Palumbo et al., 1991a, 1991b), B. cereus 
(Baker and Griffiths, 1993), E. coli 0157: H7 (Buchanan et al. 1993; Buchanan and 
Bagi, 1994,1997), L. monocytogenes (Buchanan and Phillips, 1990), Salmonella
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(Gibson et al., 1986), Shigella flexneri (Zaika et al., 1992), Staph, aureus (Walls et 
al., 1996) and Y. enterocolitica (Bhaduri et al., 1994).
Zwietering et al. (1990) compared a reparameterised Gompertz equation to several 
other sigmoidal functions and found it superior for a number of reasons including its 
ease-of use.
-Logistic model:
The logistic model is an alternative to the Gompertz equation and fits the data in a 
similar way. The main difference is the way that the logistic curve is symmetrical 
around the point of maximum growth, unlike the Gompertz model, which is 
asymmetrical. Garthright (1991) closely analysed the predictions given from the two 
model types on the same set of growth data and gave several reasons why the 
Gompertz was better
- the logistic model predicted almost 1 log increase in numbers by the end of the 
lag phase as opposed to a 0.5 log increase for the Gompertz. As the lag phase 
represents a period of adjustment to the environment, there should be minimal 
growth; therefore, the Gompertz is more in keeping with microbiological 
expectations.
- the inflection point from the end of lag to the exponential phase occurs more 
sharply for the Gompertz curve and is more representative of microbial growth.
- at the end of exponential phase, the Logistic entered stationary phase very 
sharply whereas the Gompertz model levelled off more gradually thus 
representing the asymmetrical shape often seen in microbiological growth 
curves.
Baranyi model:
Baranyi et al. (1993) proposed an alternative to the Gompertz equation where the lag 
time is modelled as an adjustment period from the old set of conditions to the new 
set. The theory is that when organisms are placed in a new environment with similar 
conditions then the adjustment phase would be very small: in different growth
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conditions this phase would be larger. The authors proposed that the observed growth 
rate in a new system was slower than the potential growth rate because of the 
adjustment factor.
The main difference between the Baranyi equation and the Gompertz is that the 
Baranyi does not predict negative lag values, has a slower growth rate (Whiting,
1995) and has an essentially linear exponential growth rate Several researchers have 
used the Baranyi model, for example, for B. cereus (Sutherland et al, 1996),
L. monocytogenes (Fernandez et al., 1997; McClure et al., 1997) and E. coli 
0157:H7 (Sutherland et al, 1997).
1.2.4.3 Secondary models
Temperature dependent models:
Temperature is the extrinsic parameter that has the largest effect on microbial 
growth. Two main equations have been applied to describing the effects of 
temperature on microorganisms; the Arrenhius and the Belehradek (often called 
Ratkowsky or square root models). Traditionally, square root and Arrenhius plots 
use °Kelvin rather than °Celsius to avoid the use of negative values.
The Arrenhius equation is based on the thermodynamics of chemical reactions 
(McMeekin et al., 1993) and describes growth rate, lag time or generation time as a 
function of the reciprocal of temperature. There have been modifications to the 
equation to include the effects of aw (Davey, 1989). A straight line plot is often 
obtained for these data when used to plot growth rate against 1/°K (Fu et al., 1991) 
but some workers have shown that the line is curved if done over an extended 
temperature range. This was the main driving force for Ratkowsky et al. (1982) to 
develop the square root model as an alternative.
Square root models are based on a regression of the square root of the growth rate 
against temperature. The first model of this type to be applied to microbial growth 
studies was proposed by Ratkowsky et al. (1982,1983).
The square root equation has also been modified to include the effects of pH, water 
activity, and temperature (McDonald and Sun, 1999). Square root models have been
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used to describe growth of a range of organisms including L. monocytogenes 
(Devlieghere et al., 2001; Wijtzes et al, 1993).
Response surface models:
The response surface model is a multiple regression equation (Whiting, 1995).
It can be very simple and model just the effects of each factor (e.g. pH, temperature, 
and salt) independently or it can be a quadratic or cubic function which considers 
interactions between factors. Using a higher form of the response surface model will 
increase the complexity and the number of coefficients generated. To illustrate this, 
the following three equations show the effect of temperature (T) and pH (P) on the 
growth rate (p) as linear (Eq 1), quadratic (Eq 2) and cubic (Eq 3) equations.
where a = constant and bi to b9 are coefficients generated from the model.
Different authors have used different forms of the surface response model for 
predicting microbial growth. Usually it is preferable to have a model, which gives 
the best fit with as few coefficients as possible. Whilst increasing the number of 
parameters will usually increase the goodness-of-fit of a model, it has the 
disadvantage that a model can become overly complicated and as a rule modellers 
should strive for ‘as parsimonious a model as possible’ (McMeekin et al., 1993).
Most authors have used quadratic versions of the response surface model (Fernandez 
et al., 1997; McClure et al 1997; Sutherland et al. 1996; Zaika et al., 1992). Where a 
direct comparison has been made of quadratic and cubic, the quadratic has been 
found be favorable in some case, e.g. for growth of Aer. hydrophila (Palumbo et al., 
1991a, 1991b) and is. coli 0157:H7 (Buchanan et al., 1993) whilst a cubic model has 
been better in others, e.g. for L. monocytogenes (Buchanan and Phillips, 1990) and 
E. coli 0157:H7 (Buchanan and Bagi, 1994).
p = a+b1[P]+b2[T]
n =a+b,[P] +b2[T]-b3[P]2-b4[T]2+b5[P][T]
H = a+b,[P] +b2[T]-b3[P]2-b4[T]2+b5[P][T]-b6[P]3+b7[T]3
(Eq i)
(Eq 2)
+b8[P][P][T]+b9[P][T][T] (Eq 3)
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1.2.4.4 Tertiary models
A tertiary level model is a handling system for the equations generated in secondary 
level models. It provides an interface between the mathematical equations and the 
end-user in the form of applications software and expert systems. (Whiting and 
Buchanan, 1994). Until recently, the systems available have included, the USDA 
Pathogen Modelling Program ( [PMP] Buchanan, 1991), the UK Food MicroModel 
( [FMM] Jones and Walker, 1993) and the CCFRA FORECAST system (Betts and 
Eamshaw, 1998). Recent changes have seen the withdrawal of FMM and the launch 
of Combase, a new database of microbial response data (Baranyi and Tamplin,
2003). These systems are described further in Chapter 3.
1.2.4.5 Conclusions on predictive modelling
There have been considerable developments in predictive modelling systems over the 
past twenty years. Two of the most widely used predictive models, the Gompertz and 
Square root model were introduced for the first time in the 1980’s and since then 
there have been many modifications and development of new techniques. Models 
can be relatively simple linear regression techniques or may be more complex and 
describe the effects of two or more factors.
Predictive modelling systems can be applied to many parts of the food chain, from 
HACCP (Elliot, 1996) and shelf-life determination (Giese, 2000) to quality control, 
product formulation (McMeekin and Ross, 1996) and education. It is important, 
however that the limitations of modelling are recognised. For example, most models 
may not
(i) include all the antimicrobial factors present in a foodstuff and therefore the 
models tend to be fail-safe.
(ii) take into account microbial interactions which may be an important aspect of 
mixed microbial growth in foods.
(iii) have been adequately validated and verified for use in food situations.
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There has been an increased use of models in the food industry but the uptake has 
been relatively slow. As the industry gains more confidence, predictive models will 
play an increasingly important role in food safety and quality (Roberts, 1997). It 
should not be forgotten that whilst models are powerful tools, they are not on their 
own, a substitute for the experience and judgement of a trained microbiologist 
(Whiting, 1995; Zwietering et al, 1992) and should be not be used without adequate 
knowledge of their strengths, limits and applications. In this thesis, well recognised 
modelling procedures (Gompertz and response surface techniques) will be used to 
produce a predictive model for meat products. The predictions will be validated 
against laboratory data and verified for use in foods to ensure the accuracy of the 
model.
1.2.5. Significance of microbial variation to assessment of growth 
kinetics
To assess the impact of microbial spoilage on product shelf-life, the growth 
characteristics of the relevant spoilage consortium should be determined under 
environmental conditions likely to be present in the food during manufacture and 
storage. Such studies must meet the requirements for sample replication and 
reproducibility (Notermans and in’t Veld, 1994); however, recommendations for 
suitable replication are scarce. Betts and Everis (2000) suggested that ideally, shelf- 
life tests should be performed on food products manufactured on the first three full 
production runs, whilst other recommendations (Anon, 1999) are to test at least 5 
runs.
For a more accurate assessment, a large number of replicates would be needed as the 
precision of the result improves approximately with the square root of the number of 
replicates; for example, 20 trials would be required to double the precision obtained 
from 5 replicates (Anon, 1999). Due to time constraints and cost implications, such 
levels of replication are rarely possible, although some degree of replication will give 
an indication of variation. It is apparent that for a wide range of food products, 
reported shelf-life assessments are based on testing a single batch of each product 
with only single or duplicate samples at each time point. This can be seen for meat
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(Samelis and Georgiadou, 2000), fish (Dalgaard and Jorgensen, 2000) and poultry 
products (Jimenez et al., 1999).
In the absence of adequate replication, the data derived from such trials could be very 
misleading. It has been seen (1.2.2) that the interactions observed in mixed 
microbial cultures will vary with environmental condition. Where models are based 
on mixed microbial populations, there will inevitably be some variation in the growth 
dynamics when a set of experimental conditions is replicated, as small changes in 
conditions may alter the dominant microorganism.
1.2.6 Relationship of microbial numbers to shelf-life of foods
The shelf-life of food products is often determined by the total microbial population 
(TVC), or other generic groups such as Enterobacteriaceae or specific spoilage 
genera such as Pseudomonas. It is known that the spoilage of some foods is usually 
caused by a few organisms (specific spoilage organisms or SSOs) from the total 
microbial flora (Ingram and Dainty, 1971) but guidance on these is generally not 
given as they will vary from food to food.
Predictive microbiological models have been shown to be useful in estimation of 
product shelf-life based on predicting the time to achieve a target level in microbial 
count. However, there is not always a consistent relationship between microbial 
numbers and sensory attributes. In some cases, spoilage can occur when the 
microbial count is low and in other cases, the levels of LAB in sliced meats can be at
O  1
10 cfu g' for several days without any sensory deterioration .
Several publications that have considered shelf-life of foods based on microbial 
counts and sensory defects and many are concerned with fish products. Leroi et al. 
(2001) studied the shelf-life of cold-smoked salmon at 8°C and found that there was 
no correlation between maximum count (3x106 cfu g_1) which occurred at day six and 
sensory spoilage of the product which did not occur until week two or three. Similar 
data were found by Taoukis et al. (1999) where the level of Pseudomonas and
H 1Shew, putrefaciens remained constant (at approximately 10 cfu g") across the 
temperature range 0 to 10°C although the shelf-life ranged from 42 to 174 hours.
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Other authors however, have found good agreement between microbiological levels 
and sensory deterioration. Lyhs et al. (2001) found that high levels of mesophiles 
and psychrotrophs correlated with unacceptable sensory quality of fish products.
r   1  1
Spoilage occurred at a level of 10 cfu g for samples at 3°C and 10 cfu g for 
samples at 8°C. This was also found by Koutsoumanis et al. (2000) who produced a 
predictive model for raw chilled fish over the temperature range 0 to 15°C and found
f\ nthe end of shelf-life equated to 10 Shew, putrefaciens or 10 Pseudomonas per gram.
Some work has been published on the use of models to predict product shelf-life 
based on sensory characteristics rather than microbial growth. For example, spoilage 
of asparagus at 2 to 20°C correlated better with high (108 cfu g -1) levels of
£ n   -I
psychrotrophic organisms than lower levels (10 or 10 cfu g ). Since the sensory 
defects could be predicted as a function of microbial growth, so could the shelf-life 
(Garcia-Gimeno et al., 1988). More complex models have been published for 
predicting the shelf-life of meat products as affected by temperature, CO2 and aw 
(Devlieghere et al., 1999). Here the shelf-life was determined as the point at which 
levels of Lac. sake reached 107 per gram.
Shelf-life predictions based on sensory deterioration as well as microbial numbers 
are rarely done but this approach has been described for seafood products (Dalgaard 
et al., 2002). It is clear that whilst levels of microorganisms are important in sensory 
deterioration, they are not the only factor contributing to spoilage. Skandamis and 
Nychas (2001) evaluated the effect of essential oils on spoilage of minced meat.
They found that while the levels of microorganisms were reduced in the presence of 
oregano oil, the effects on physicochemical factors e.g., lactate consumption and 
production of acetate, were far greater and affected the duration of the shelf-life to a 
greater extent. This study shows that product shelf-life is not always related to 
numbers or activity of microorganisms and in some cases, other factors may be more 
important.
Since microbiological models are used to predict levels of target organisms as an 
indication of product shelf-life, it is important to establish whether there is a 
relationship between growth of spoilage microorganisms and the sensory
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deterioration of RTE meat products over a range of temperatures, pH values and salt 
concentrations.
1.3 THESIS STRUCTURE
This thesis aims to achieve an understanding of the interactions of environmental 
factors on a mixed microbial group of meat spoilage organisms in relation to shelf- 
life evaluation.
Analysis of the growth response is achieved by the development of a predictive 
model, the performance of which is assessed by objective measurement criteria. The 
wider question of reliability of microbial growth data is studied in terms of both 
predictive models and the empirical data from which they are derived. Finally, the 
use of microbial levels as a determinant of product quality is also explored.
Figure 1.4 illustrates how the various aspects are linked together.
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Figure 1.4: Areas of study within this thesis
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CHAPTER 2
PREDICTIVE MODELLING SYSTEMS AND THEIR USE IN
FOOD MICROBIOLOGY
‘ To assess the views of the food industry on the uses, strengths and 
limitations of predictive modelling systems'
Data presented in this chapter was first presented in Madrid in March 2002 at EmerTec 2002, an 
International Conference on Emerging Technologies for the Food Industry.
It will be published as a Chapter in a proceedings book from the conference by Marcel Dekker in 2004
2.1 INTRODUCTION
Mathematical equations to describe biological kinetics such as growth, survival or 
death have been used since the early part of the 19th century when Gompertz (1825) 
developed his equation to describe human mortality. It was not until some 160 years 
later in the 1980’s that mathematical descriptions of the growth of microorganisms 
were researched in relation to food safety.
Predictive microbiological models have been developed extensively over the past 
fifteen years during which time a number of predictive modelling systems have 
become available in the public domain (Table 2.1). However, such systems are still 
in their infancy compared with other more accepted mathematical concepts such as 
decimal reduction (D) values used for thermal process calculations which were first 
described in the 1920’s (Esty and Meyer, 1922). Thermal process calculations have 
become so ingrained that few microbiologists are aware of the fact that when they 
calculate D or z-values, that they are using a linear mathematical model to describe 
the inactivation of microorganisms.
Table 2.1: Major developments within predictive microbiology
Date Event
1825
1987
mid 1980s onwards
1989
1990 
1994 
1996 
2001 
2003
Gompertz published his paper on predicting human mortality. His equation was 
to be the cornerstone of predictive models
One of the first uses of the Gompertz model for describing microbial growth 
response
Extensive research into predictive modelling with developments of new and 
improved mathematical equations that could better describe microbiological 
data
MAFF FoodMicroModel 5 year research programme started 
Pathogen Modelling Programme (PMP) ver 3.0 available on request 
Food Micromodel (FMM) launched in the UK 
CCFRA Spoilage modelling service (FORECAST) began 
PMP ver 6.0 available to download from the USDA website 
Combase initiative to combine PMP, FMM and other data
The po wer of predictive microbiological models is that they can use laboratory data 
from one set of experimental conditions to predict the likely responses under a new set
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of conditions not previously tested. For example, data describing the effect of 
temperature on an organism at 5,10 and 15°C can be used to predict the likely growth 
at 8°C. The same principle applies to any test parameter such as salt, pH or 
preservatives. The power of this tool for new product development is very apparent. 
Modifications of new or existing recipes can be tried on the computer before 
embarking on expensive laboratory experiments or pilot scale production runs.
There are currently a number of publicly available modelling systems that can be 
accessed by the food industry. The three that will be covered in more detail here are 
the USDA Pathogen Modelling Program (PMP), FoodMicroModel™ (FMM) and the 
Campden and Chorleywood Food Research Association (CCFRA) FORECAST 
Service.
All operate in different ways and cover different groups of organisms. PMP is freely 
available to download from the web and mainly covers food pathogens, FORECAST 
is exclusively aimed at food spoilage organisms and operates as a consultancy 
service, and FoodMicromodel™ concentrates on food pathogens and until recently, 
was available to purchase as software. FMM is no longer be available to new 
subscribers (FSA, 2003) and the data are freely available, to download from the 
Institute of Food Research under the name Growth Predictor (www.ifr.ac.ukV
2.2 MODELLING SYSTEMS
2.2.1 Pathogen Modelling Program
PMP was first described in 1991 (Buchanan, 1991) and has been regularly updated 
since then. PMP was designed as a research and instructional tool for estimating the 
effects of multiple variables on the growth, survival and inactivation of foodbome 
pathogens. Most of the models were produced using data from experiments in liquid 
microbiological media and it is recommended that the models are verified for each 
specific food of interest as there can be no guarantee that predicted values will match 
those that would occur in any specific food system.
2.2.2 Food MicroModel™
FMM is a modelling system that has been in operation for nearly 10 years. It was 
originally developed on a UK government research project (Jones, 1993; McClure et 
al., 1994) but has since been developed to include additional models. The system is 
primarily dedicated to foodbome pathogens although some limited spoilage models 
are included.
The models within FMM are similar to PMP and can be used to predict death, 
survival, or growth of microorganisms, although they have the advantage of having 
been verified using inoculated food studies.
A recent initiative by the UK Foods Standards Agency has seen the production a 
single database (Combase) which incorporates PMP and FMM into a single freely 
available program, which is accessible on the World Wide Web (Www.iff.ac.uk).
2.2.3 CCFRA FORECAST system
The majority of public domain predictive models focus on the growth and survival of 
pathogens. However, it is also important to be able to predict the growth of food 
spoilage organisms when considering the likely stability and shelf life of food 
products. Models are available in FORECAST for specific spoilage genera (e.g. 
Pseudomonas species), for groups of organisms (e.g. Enterobacteriaceae) or for a 
mixture of spoilage organisms relevant to food commodities (e.g. fish and fish 
products). The models were developed in laboratory growth media and verified by 
comparison with published growth data and growth data in appropriate foods.
2.2.4 Application of modelling systems to food manufacture
Most predictive model systems give data of use in many areas of food 
manufacturing. They can predict lag time, generation time, time taken to reach a 
target level of microorganisms, or conversely amount of growth during a defined 
time-period.
These data have the potential to be applied to all stages of the manufacturing process, 
for example:
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> New product development
> Changes to product formulation
> Estimating microbiological shelf-life
> Setting microbiological specifications
> Trouble shooting, e.g. to determine the effect of breakdown of storage 
temperatures.
Whilst, the scientific community has increased the development and use of predictive 
models, their impact will only be felt when the food manufacturing industry becomes 
more aware of their potential and uses them routinely. This is starting to happen in 
some sectors of the industry but in others, there is little awareness of predictive 
microbiological systems and the role they can play.
The aim of this part of the thesis was to evaluate how much predictive models were 
used by the food industry and to gather the industrial perspective on the current and 
future role for predictive modelling systems.
2.3 MATERIALS AND METHODS
CCFRA is a member-based organisation that has over 1600 members in 58 different 
countries. Members are from all parts of the food industry including manufacturing, 
distribution, food retail, food service and equipment supply.
CCFRA operates a Panel system where members of the food industry take part in 
discussions of relevance to their business. The Microbiology Panel contains 
industrial representatives with an interest in microbiology, food safety and quality 
and are the most likely food industrialists to be aware of predictive microbiology 
systems. A short questionnaire (Figure 2.1) was sent to 120 members of the 
Microbiology Panel in January 2002, to capture the food industry’s views on 
microbiological modelling systems.
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Figure 2.1. Questionnaire on the use of Predictive Models by the Food Industry
Do you use or have you previously used any of the following modelling systems? 
( please tick all that apply)
Pathogen Modelling FoodMicroModel FORECAST
No Yes No Yes NoYes
If the answer to any of the above is No then please go to 2 If YES please go to 3 
If you do not use modelling systems can you indicate why 
Not aware of modelling systems 
Sceptical of results 
Systems don’t cover your products 
Customers reticent to accept predictions 
Too expensive 
Please list any others
If you do not use modelling systems then go no further
Please return to Gail Betts at g.bettS@campden.CO.uk Fax +44 (0) 1386 842100______
How many times have you used Predictive models over the past 12 months?
<5 5-10 >10
Do you currently use predictive models
More than 5 ____  Less than 5
years ago _____ years ago
About the same 
as 5 years ago | |
Product Development 
Trouble Shooting 
Due Diligence 
Legal issues 
Please list any others:
For what situations do you use Predictive models (please tick all that apply
Recipe changes 
Part of HACCP 
Customer complaints
How much reliance do you place on the answers from predictive models
If predictive models were no longer available, would this adversely affect you?
If so, please describe in what areas this would have an impact______________
Over the next 5 years, will you use predictive models
More than ____  Less than now ____  About the same
now as now
What improvements would you like to see in modelling systems? 
Inclusion of more antimicrobial factors 
Product specific models
Greater acceptance throughout the food industry
Please list any others
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The data generated from the questionnaire were used to assess whether the potential 
end-users of predictive modelling systems were aware of their existence and if so, 
how they currently viewed these systems
2.4 RESULTS AND DISCUSSION
Thirty-seven people (31%) responded from those questioned. The main responses 
were from major food retailers and manufacturers. Their answers to the questions are 
summarised below.
2.4.1 Use of modelling systems
Of the 37 responses, it can be seen (Table 2.2) that 14 (37 %) did not use any of the 
predictive modelling systems mentioned. The remaining 23 had used one or more of 
the different systems with FMM being used most frequently. As FMM is verified in 
food products, people generally had more confidence in the validity of the 
predictions.
Table 2.2 Number of users of modelling systems
PMP FMM FORECAST No system
24% 48% 16% 37%
There were various reasons given why some people did not use any modelling 
system. Over 40% of non-users felt that the current systems were not applicable to 
their products and almost 30% were sceptical of the results obtained.
Such scepticism is perhaps not surprising, as most modelling systems will provide 
disclaimers which state that the model predictions must be backed up by studies in 
food systems (Figure 2.2). This is done to ensure that users do not place undue 
reliance solely on microbial predictions, but has the implication that microbiological 
predictions are less reliable than empirical laboratory studies. This is not the case and 
is explored further in a later chapter of this thesis (Chapter 8).
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Table 2.3 Reasons for non-use of modelling systems
Reason % of responses
Not aware o f modelling systems 3d%
Sceptical o f results 29%
Systems don’t cover your products 43%
Customers reluctant to accept predictions 21%
Too expensive 7%
Others - Please list
Not all relevant organisms are covered
Some people surveyed had low risk products 
in the models
e.g. flour which were not covered
Predictive models do not contain all the relevant antimicrobial factors present in 
foods. Some people preferred to do challenge tests in real systems rather than 
use synthetic test systems
Systems use salt as a humectant - less relevant to products using sugars
Figure 2.2 Example of disclaimer from CCFRA modelling system
Select 
Cold-Fffl Spoilage 
Model
Select 
Hot-Fill Spoilage 
Model
Select 
Cold-Fill Pathogens 
Model
CCFRA technology Limited has exercised all reasonable care and skill in the compilation, preparation and 
issue of the models included in this spreadsheet. CCFRA Technology Limited does not accept any 
responsibility relating to or arising from the application and use of the data contained in the attached models.
Use of the models will be at the sole risk of the user who should not place exclusive reliance on the data 
provided or generated by the models. The models are intended to be a first stage screen for measuring the 
microbial stability of various product formulations prior to essential practical work being undertaken on the 
key are as of inter e st identifie d by the mo dels, for the purp o s e of c onfirming the pre dictions.
The information and mo dels are supplied for use by companies in the Acid Preservations Club. The data, 
mo dels and pre dictions must not b e p a s s e d to a  third p arty without written p etmis sion from CCFRA
T e chnolo gy Limite d.
© CCFRA T e chnolo gy Limite d
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2.4.2 Frequency of usage of modelling systems
Users were asked how often they had used modelling systems over the past twelve 
months and how this frequency differed to the past. They were also asked to consider 
how they envisaged their usage would change in the future.
It can be seen (Table 2.4) that the majority of the food industry were relatively low 
users i.e. 53% had used models less than five times in the twelve month months prior 
to the questionnaire. However, almost 40% used these systems more than they had 
five years ago and anticipated that their usage would continue to increase over the 
next five years as their confidence in the systems increased.
Table 2.4. Frequency of usage of modelling systems
How many times have you used modelling systems over the past 12 months?
Less than 5 times 
53%
5 to 10 times 
17%
More than 10 times 
30%
Do you currently use modelling systems
Less than you did 5 years
ago
22%
The same as you did 5
years ago
39%
More than you did 5 years
ago
39%
Over the next 5 years will you use modelling systems
Less than you do currently 
4%
About the same as you do 
currently
48%
More than you do 
currently
48%
2.4.3 Activities where predictive models are used
The majority of people surveyed used modelling systems for new product 
development, trouble shooting, or to evaluate the effect of changing current recipes 
(Table 2.5). There are many benefits to using modelling systems in product 
development as they can reduce the amount of laboratory testing required at the 
prototype stage and thus reduce the time taken to develop and launch new products. 
There is also less reliance on the predictions from models at this stage, as challenge 
test studies would usually be done to verify the predictions.
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Almost half of all users also included modelling systems as part of their quality 
assurance regime either as part of their HACCP systems or to show due diligence in 
production of safe products. In addition to the areas above, some users specified that 
models were used as a training tool for non-microbiologists to illustrate the effect of 
changing environment on microorganisms.
Table 2.5 Food manufacturing activities where model predictions are used
Area % of responses
Product development 78%
Trouble shooting 48%
Part o f HACCP 30%
Due diligence 39%
Customer complaints 13%
Legal issues 13%
Recipe changes 48%
2.4.4 Level of reliance placed on model predictions
Users were asked to determine how much reliance they placed on the answers 
obtained from predictive microbiological models.
There was a varied response (Table 2.6) which ranged from some users placing very 
little reliance on the predictions as they did not have much faith in mathematical 
models, to others placing considerable reliance on the answers as they had a history 
of model usage and understood the limitations and advantages of the systems.
The users of predictive models were also asked how they would be affected if they 
no longer had access to the systems. This would gain an understanding of how firmly 
models were integrated into the procedures used by different food companies 
(Table 2.7).
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Table 2.6 Perceived reliability of model predictions
Peoples views on how much reliance they placed on predictive models
Very little as the models tend to be too fail-safe. We know our products will fail and 
we tend to just use challenge tests straight away
They are used as a guide to aid judgement
Reliance is dependent on the model used
High for pathogen models, less for spoilage models
Only as an indication o f what to expect as
the predictions always state that they must be backed up with challenge tests
- they give a global response to microbial growth or death but do not take into 
account the whole product ecology
they are limited to few preservation factors
Supplementary to literature data and challenge testing
Limited reliance as they are too fail-safe but can be used to back up safety concerns 
Considerable
Good when a quick response is needed
Table 2.7 How lack of access to predictive models would affect current users
Food industry views on the effect withdrawal of modelling systems
New Product development would be greatly affected
- NPD limited to tried and tested recipes
Slower NPD development and launch o f new products
- Less opportunity to develop products at the boundaries o f current knowledge 
More reliance on in-house model development
More challenge testing and literature evaluation
Big impact as the models show that you are moving in the right direction and can 
be used as evidence that products are safe
Very limited effects in some cases as models are too limited in antimicrobial 
factors
The impact would be dramatic. It would increase resources for trouble shooting, 
delay product development and launch, and increase the amount o f challenge 
testing which would in turn increase cost o f NPD
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For those people who regularly used models and had integrated them into all aspects 
of the manufacturing chain, then the withdrawal of modelling systems would be of 
great significance. For some other users it was felt that there would be little effect.
2.4.5 Improvements to modelling systems
Users of models had an opportunity to make suggestions on how the current 
modelling systems could be improved. The majority of users (Table 2.8) felt that 
predictive models should contain more antimicrobial factors of relevance to food 
products. The majority of predictive models currently available contain only three 
antimicrobial factors, namely, temperature, pH and water activity or salt content. In 
order for them to be more widely accepted, they should contain other antimicrobial 
compounds such as chemical preservatives and effects of microbial competition. It 
was felt that adequate verification of models with food studies was important as was 
ensuring that spoilage models were not overly fail-safe and represented typical, not 
necessarily extreme, growth characteristics.
Predictive modelling systems have an application to many parts of the food chain, 
from safety and shelf-life determination to quality control, product development and 
education. It is apparent from this survey that whilst some of the food industry 
currently make good use of predictive modelling systems for the areas highlighted 
above, the majority is not aware of what systems are available and what organisms 
are covered.
Table 2.8 Suggested improvements in predictive models
Improvement to models % of responses
More antimicrobial factors included 74%
Product specific models 65%
Greater acceptance throughout industry 30%
Others please list
Wider ranges o f temperatures, pH's and other factors
- More survival, death models
Wider limits and extremes o f factors
Effect o f food structure/matrix on growth
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Improvement to models
- More on spoilage organisms generally and the use o f mixed cultures to allow for 
microbial competition
Fluctuating temperatures and changing parameters e.g. pH  with time
- Affect o f stress on microorganisms 
Wider range o f microorganisms
Ensuring data obtained are sufficiently verified
- More realistic models which are less fail-safe
Inclusion o f other challenge test data into already existing models
2.5 CONCLUSIONS OF SIGNIFICANCE TO THIS THESIS
(i) Predictive microbiological models are currently used by a small proportion of 
the food industry for a range of food manufacturing practices, however, it was 
envisaged that there would be an increase in the use of models over the next five 
years.
(ii) There are several perceived limitations to current modelling systems, for 
example, models are generally too fail-safe and do not include all the antimicrobial 
factors of relevance to foods. This limits their use by the food industry.
(iii) For predictive models to be of more use to the food industry they need to
- be designed to be of relevance to specific food commodity groups
- be based on a mixed microbial flora of relevance to the specific food groups to 
account for microbial interaction
- include all antimicrobial factors of relevance to the product of concern
- be verified against microbial growth in a range of inoculated and naturally 
contaminated food products.
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CHAPTER 3 
MATERIALS AND METHODS
3 MATERIALS AND METHODS
This chapter contains information on general materials and methods used throughout 
this thesis. Any other methods specific to individual chapters will be covered where 
relevant.
3.1 DILUENTS AND LABORATORY MEDIA
3.1.1 Diluent
Maximum Recovery Diluent (MRD) LabM 103, was used as the universal diluent 
throughout all experiments. The diluent was prepared and autoclaved according to 
manufacturers’ instructions.
3.1.2 Broths
Three broths were used at different stages of the practical work as indicated in the 
relevant sections. All broths were prepared and autoclaved according to the 
manufacturers' instructions.
(i) Brain Heart Infusion Broth (BHIB) LabM Lab 49
(ii) Nutrient Broth (NB) Oxoid CM1
(iii) de Man Rogosa Sharpe Broth (MRSB) LabM Lab 94
3.1.3 Agars
The following agars were obtained from LabM (IDG, Bury, Lancashire) or Oxoid Ltd 
(Basingstoke, Hampshire) and prepared according to manufacturers’ instructions.
(i) Plate Count Agar, (PCA) LabM Lab 10
(ii) Nutrient Agar, (NA) Oxoid CM3
(iii) de Man Rogosa Sharpe Agar (MRSA) LabM Lab93
(iv) Violet Red Bile Glucose Agar (VRBGA) LabM Lab 88
(v) Rose Bengal Chloramphenicol Agar (RBCA) Oxoid CM549 & SR 78
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(vi) Pseudomonas Selective Medium (PSAB) LabM Labi08; plus CFC 
supplement X I08.
PCA, NA, and MRSA were prepared in 200 ml volumes and stored in a chiller at 2- 
6°C until required for use, when they were melted in a laboratory steamer and 
tempered to 46°C in a water bath.
VRBGA was prepared fresh on the day of use, tempered to 46°C and used within 4 
hours of preparation.
RBCA and PSAB were stored chilled as pre-poured plates, and brought to ambient 
temperatures before use.
3.1.4 Chemicals (Analar grade)
(i) Hydrochloric acid (1 M HC1) Sigma-Aldrich, Dorset, England.
(ii) Sodium hydroxide (1M NaOH) Sigma-Aldrich.
(iii) Potassium nitrite (KNO2) Sigma-Aldrich.
(iv) Oxidase reagent (N,N,N',N'-Tetramethyl-1,4-phenylenediamine 
dihydrochloride 1% solution).
3.2 EQUIPMENT
The following pieces of general laboratory equipment were used in the 
microbiological analyses as indicated in the relevant sections:
(i) Stomacher Lab blender 400, Seward, London, UK.
(ii) Sterile disposable plastic pipettes (1ml and 10ml) Sterilin, Appleton Woods, 
Birmingham.
(iii) Laboratory incubators (2°C±0.5C to 37°C±1C) from a number of different 
manufacturers. All were monitored daily with calibrated thermometers to 
ensure maintenance of correct temperatures.
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3.3 ORGANISMS
3.3.1 Cultures used
The following organisms were chosen from the Campden & Chorleywood Food 
Research Association culture collection as they represented the microbial groups 
typically associated with meat products. Any information on original source of the 
culture such as national culture collection identity or food from which it was isolated 
is given in the Table 3.1
Table 3.1. Cultures used in the production of the predictive microbiological 
model for meat spoilage organisms
Organism CCFRA code Information on culture
Leuconostoc mesenteroides CRA 735 
CRA 5732
None available 
None available
Lactobacillus sake CRA 749 None available
Carnobacterium divergens CRA 2072 None available
Pseudomonas aeruginosa CRA 4639 
CRA 4896
Raw chicken 
NCIMB 10752
Pseudomonas fluorescens CRA 8298 
CRA 1499
NCDBM 8178 
Raw mince
Pseudomonas putida CRA 4898 
CRA 1501 
CRA 10671
NCIMB 1355 
Raw mince
Isolated from sliced chicken 
roll ( see Chapter 5)
Brochothrix thermosphacta CRA 3235 Resistant to 8% NaCl
Enterococcus sp. CRA 2013 Raw chicken
Serratia liquefaciens CRA 10665 Isolated from sliced pork 
shoulder ( see Chapter 5)
Serratia marcescens CRA 10669 Isolated from sliced chicken 
roll ( see Chapter 5)
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3.3.2 Maintenance of cultures
All organisms were obtained from frozen beads stored at -80°C. The beads were 
resuscitated in appropriate broths and streaked onto the surface of appropriate agars to 
ensure purity. All cultures were incubated at 30°C except for Pseudomonas, which 
was incubated at 25°C. The broths and agars used are shown below (Table 3.2).
Once the cultures were resuscitated and checked for purity, working cultures were 
grown and maintained on appropriate agar slopes at 2-6°C. These were replaced at 
monthly intervals.
Table 3.2 Summary of resuscitation procedures for freeze dried cultures
Organism Broth Agar
Leuc. mesenteroides 
Lac. sake 
Carno. divergens 
Broch. thermosphacta
MRSB 
30°C for 48h
MRSA 
30°C for 5d
Enterococcus spp. 
Serr. liquefaciens 
Serr. marcesens
NB
30°C for 48h
NA
30°C for 48h
Pseudomonas species NB
25°C for 48h
PSAB
25°C for 48h
3.3.3 Preparation of cultures for growth experiments
A sample of culture was taken from the agar slopes and grown under the relevant 
broth/incubation conditions detailed in each experiment. Incubation conditions were 
standardised each time the organisms were cultured to ensure that they were in the 
late exponential phase of growth. The level of microorganisms in each broth was 
determined microscopically using a haemocytometer counting chamber (Thomas). 
The haemocytometer slide is marked with a grid and the number of cells in 10 small 
squares of the grid were counted. The mean number of cells per square were 
calculated and multiplied by 2 x 107 to determine the likely number of cfu ml"1. Each
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of the cultures was diluted as appropriate in MRD to ensure they were all at a similar 
level e.g. 106 cfu ml'1 before being combined in equal amounts to form a cocktail.
3.4 PLATE COUNT METHODS
The following methods were used to enumerate levels of microorganisms in 
laboratory media and foods.
All temperature measurements have a tolerance of ± 1°C. All incubation times have a 
tolerance of ± 2 h unless otherwise stated.
3.4.1 Enumeration of Total Viable Count (TVC)
The term TVC applies to any microorganism (bacteria, yeast or mould) present in 
food or laboratory medium and capable of growing aerobically under the test 
conditions specified in this method.
(i) For food samples, 20 g ± 0.5 g of sample were weighed out using aseptic 
techniques and 180 ml ±0.5 ml of MRD added to prepare the initial 10'1 
dilution. The sample was homogenised for 1 minute in a stomacher. For broth 
cultures or liquid foods, no preparation was needed and the broth was 
considered to be the neat (undiluted) solution for calculation of results.
(ii) A 10-fold serial dilution was prepared by transferring 1ml from the primary 
dilution to 9 ml MRD. This was repeated for subsequent dilutions and 
duplicate sterile plastic 90 mm Petri dishes (plates) were inoculated with 1 ml 
of each dilution. Approximately 15 ml of PCA, tempered to 46°C, was added 
to each plate and mixed, taking care to avoid ‘splashes’ of agar on the lids.
The plates were left on a horizontal surface for approximately 10 minutes to 
allow the agar to solidify.
(iii) The plates were incubated in stacks < 6 high, in an incubator at 30°C for 48 h.
(iv) After the appropriate incubation time, all colonies were counted and calculated 
as cfu g'1 or ml'1 according to Method 3.4.6.
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3.4.2 Enumeration of Pseudomonas species
The term Pseudomonas species applies to microorganisms present in foods or 
laboratory media that form colonies, on the surface of PSAB medium, and are oxidase 
positive under the test conditions specified in this method.
(i) An initial dilution was prepared as described for TVC (3.4.1).
(ii) A 10-fold serial dilution was prepared as for TVC (3.4.1) and 0.5 ml volumes 
from each dilution were inoculated onto the surface of duplicate pre-poured 
and dried plates of PSAB and spread with a sterile spreader.
(iii) The plates were inverted and incubated in stacks < 6 high, in an incubator at 
25°C for 48 h.
(iv) On completion of the incubation period, approximately 1 ml of oxidase 
reagent was added to the surface of the agar plates showing colonies. The 
plates were tilted to allow colonies to come into contact with the oxidase 
reagent. Plates were examined after a minimum of 1 minute and a maximum 
of 5 minutes
(v) All oxidase positive (purple) colonies were counted on each plate containing 
no more than 150 colonies and calculated as cfu g'1 or ml'1 according to 
Method 3.4.6.
3.4.3. Enumeration of presumptive Enterobacteriaceae
The term presumptive Enterobacteriaceae applies to bacteria present in food or 
laboratory media which form characteristic colonies in VRBGA under the test 
conditions specified in this method.
(i) An initial dilution was prepared as described for TVC (3.4.1).
(ii) A 10-fold serial dilution was prepared as for TVC and duplicate samples 1 ml
of each dilution were mixed with approximately 15 ml of VRBGA, tempered 
to 46°C. The plates were left on a horizontal surface for approximately 10 
minutes to allow the agar to solidify.
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(iii) The plates were overpoured with approximately 10 ml of molten tempered 
VRBGA and allowed to solidify.
(iv) The plates were inverted and incubated in stacks < 6 high, in an incubator at 
37°C for 24 h.
(v) After the specified period of incubation, all typical colonies i.e. those which 
were pink/purplish red colonies with a diameter of >0.5mm, were counted in 
each plate containing not more than 150 colonies and calculated as cfu g'1 or 
ml"1 according to Method 3.4.6.
3.4.4 Enumeration of presumptive lactic acid bacteria
The term presumptive lactic acid bacteria refers to bacteria in food or laboratory 
media that form colonies on de Man Rogosa Sharpe Agar at 30°C under the test 
conditions specified in this method.
(i) An initial dilution was prepared as described for TVC (3.4.1).
(ii) A 10-fold serial dilution was prepared as for TVC and duplicate samples 
(1 ml) were mixed with approximately 15ml of MRSA, tempered to 46°C.
(iii) The plates were left on a horizontal surface for approximately 10 minutes to 
allow the agar to solidify and over-poured with approximately 15 ml of molten 
tempered MRSA.
(iv) When set, the plates were inverted and incubated in stacks < 6 high, in an 
incubator at 30°C for 72 h ± 4h.
(v) On completion of the incubation period, the number of colonies present in 
each plate containing not more than 300 were counted and calculated as cfu g'1 
or ml"1 according to Method 3.4.6.
3.4.5 Enumeration of presumptive yeasts and moulds
The term yeasts and moulds covers microorganisms present in food and laboratory 
media, which form characteristic colonies in/on a solid selective medium at 25°C 
according to the procedures specified in this method.
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(i) An initial dilution was prepared as described for TVC (3.4.1).
(ii) A 10-fold serial dilution was prepared as for TVC and 0.5 ml volumes from 
each dilution were inoculated onto the surface of duplicate pre-poured plates 
of RBCA and spread with a sterile spreader
(iii) The plates were inverted and incubated in stacks < 6 high, in an incubator at 
25°C for 5 days.
(iv) After the specified period of incubation, all the characteristic yeast and mould 
colonies were counted on each plate containing not more than 150 colonies 
and calculated as cfu g"1 or ml'1 according to Method 3.4.6
3.4.6 Calculation of plate count results
(i) On completion of the incubation period, the number of colonies present in 
each plate containing not more than 150 or 300 colonies as stated in the 
individual method were counted.
(ii) The number of organisms g'1 or ml'1, were calculated as follows dependent on 
the plates available for use.
Duplicate plates from one dilution
The two plate counts were added together and divided by two.
(e.g. on 1 O'2 dilution, 32 and 34 colonies were recorded from each 
plate = 33 average plate count).
The average count obtained was multiplied by the reciprocal of the 
corresponding dilution factor (e.g. from the above example, this would 
be 33 x 102=3.3x103 cfu per ml or g).
Plates from two consecutive dilutions
The four plate counts were added together and divided by 2.2
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(e.g. on 10'2 dilution, 240 and 220 colonies were recorded from each 
plate and on 10"3 dilution, 26 and 28 were recorded = 240 + 220+ 
25+21= 230 average plate count).
The average count obtained was multiplied by the reciprocal of the 
most concentrated factor (e.g. from the above example, this would be 
230 x 102 =2.3xl04 cfu per ml or g).
3.5 IDENTIFICATION METHODS
3.5.1 Catalasetest
(i) Two drops of 3% hydrogen peroxide were placed onto a microscope slide 
or the inside of a Petri dish.
(ii) Part of the colony to be identified was picked off a PCA or MRSA plate 
with a sterile plastic loop and gently emulsified in one of the two drops.
(iii) The drop was observed immediately and over several minutes for gas 
bubbles. The other drop was a control; no bubbles should develop in this 
drop.
(iv) Results were recorded as catalase positive if bubbles were observed and 
catalase negative if no bubbles were observed.
3.5.2 Confirmation using API Kits
There are several API kits available for different groups of organisms.
The appropriate kit for each organism to be identified was determined by 
identification of the Gram, catalase and oxidase characteristics as described above and 
following the identification tree given in Chapter 5.
The API kits used were
API Staph for staphylococci
API Strep for streptococci
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API 20NE for Gram negative non-Enterobacteriaceae
e.g. Pseudomonas
API 20E for Enterobacteriaceae
API 50CHB for presumptive Bacillus spp.
API 50CHL for presumptive LAB
For each identification, the following procedure was followed.
(i) A suspension of pure culture was prepared in appropriate diluent/medium to 
the required strength as indicated in the manufacturers' instructions.
(ii) Each API kit was inoculated, incubated, and interpreted according to the 
manufacturer's instructions.
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CHAPTER 4 
ANALYSIS OF THE MICROBIOLOGICAL QUALITY OF RETAIL 
MEAT PRODUCTS STORED AT 5°C AND 12°C
' To evaluate the microbial ecology of ready-to-eat meats to determine if 
there were any major differences between products types and whether a total 
viable count would be appropriate to describe the microbial spoilage of
meats‘
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4.1 INTRODUCTION
Many studies have shown that whilst there was a broad spectrum of Gram positive 
and negative organisms present at the beginning of the shelf-life, LAB tended to 
predominate in the microbial population of RTE meat products, primarily those in 
MAP {see section 1.2.1).
This may occur for two reasons. Firstly, many of the studies use agar selective for 
LAB, and thus will only detect this group of organisms rather than the entire spoilage 
groups. Where a range of media is used, the picture obtained is different. Von Holy 
et al.{ 1991) evaluated the bacteria associated with manufacture of a vacuum 
packaged cooked sausage. Samples from the factory environment, product and 
working surfaces were examined using Nutrient Agar (NA, non-selective), Violet 
Red Bile Glucose Agar (VRBGA, selective for Enterobacteriaceae) and de Man 
Rogosa Sharpe Agar (MRSA, selective for LAB). The bacteria isolated from each of 
the agars were identified and NA gave the widest diversity of isolates with 29%
Gram negative organisms, 15% Staphylococcus spp., 19% Bacillus spp. and 17% 
Micrococcus sp. All isolates from VRBGA were Gram negative, whereas the 
organisms from MRSA were exclusively LAB.
Secondly, in many reports, the meat is packaged in MAP or under vacuum for the 
duration of the studies, which will favour growth of LAB and other facultative 
anaerobes. However, these conditions do not represent the end-use of the product by 
the consumer. Most packs of preserved meat are unlikely to be consumed at a single 
time point but will be consumed over the course of a week or so, after storage in an 
aerobic atmosphere. Where this is the case, the spoilage flora may not be exclusively 
LAB, but may change dependent on the composition of the meat and storage 
conditions.
The aim of this section of the work was to examine a range of RTE meat products on 
retail display for levels and types of microorganisms. This was done on the day of 
purchase and after 1 or 2 weeks held under conditions representative of consumer 
storage and use. Although the products were in modified atmospheres when 
purchased, they were stored aerobically once opened as the object of the study was to 
simulate the effect of open storage on microbial quality These data would enable
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dominant microbial groups to be identified for future sections of work and would 
allow an evaluation of whether the TVC should be used as a general indicator for the 
microbial quality of meat.
4.2 MATERIALS AND METHODS
4.2.1 Preserved meat products
Six different types of RTE meat products (Table 4.1) were purchased from a local 
retailer. They were produced from different manufacturers. The products were 
packaged in plastic packaging with normal or modified atmospheres and weighed 
between 113 and 400g. The exact gas compositions were not given but a typical 
industry standard for this type of product would be 25-35% CO2 and 65-75% N2. All 
products would have been heat processed during manufacture and handled post­
cooking. The compositional data for the products were obtained from the 
manufacturers’ packaging. The products were not analysed for salt, pH or nitrite 
levels but average values for RTE products have been reported to be an aqueous salt 
level of 2.14%, a pH value of 6.18 and a nitrite level of 16ppm (Anon, 1996b).
Table 4.1 Composition of RTE meat products examined for microbiological 
quality
Product Main Composition Preservative/Additive
Pork Shoulder 400g Pork, Water, Salt, Dextrose. (Fat Sodium nitrite.
(sliced, MAP) 3%).
Wafer Thin Ham 113g Pork, Water, Salt, Dextrose. (Fat Sodium nitrite.
(sliced, MAP) 3%).
Liver Sausage 113g Pork, Pork Liver, Water, Turkey, Sodium nitrite.
(sliced, MAP) Starch, Salt. (Fat21%)(meat 
65%)
Chicken Roll 300g Chicken (70%), Water, Wheat Triphosphate.
(sliced, MAP) Starch. Polyphosphate.
Pate 120g (aerobic Pork, Pork Liver, Water, Onions, Sodium nitrite.
atmosphere) Egg, Salt, Wheat Starch. (Fat 
28%).
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Product Main Composition Preservative/Additive
Pork Pie 400g (whole , 
aerobic atmosphere)
Pork (28%), Wheat Flour, 
Animal and Vegetable Oil, Lard, 
Potato Starch (Fat 33.4%).
Sodium nitrite.
The products were purchased with 2 weeks remaining on their shelf-life as indicated 
by the use-by date codes on the packaging. For each product, the packages were 
opened and 10 x 20g samples aseptically transferred to sterile plastic pots. For packs 
in excess of200g, this was done from a single pack. For products less than 200g, two 
packs were used. For pork pie, the sample was taken from the filling only. For all 
other products, a representative sample was taken, i.e. for sliced products, the 20g 
was taken by cutting a sample through all the slices with a sterile scalpel.
Duplicate samples of each product were examined immediately and again after 1 
weeks storage at 5°C, 1 weeks storage at 12°C, 2 weeks storage at 5°C or 2 weeks 
storage at 12°C.
The trial was duplicated a week later using product from a different batch. Therefore 
for each product, there were 4 samples in total product for each incubation time and 
temperature, two of which were from the first trial and two from the second trial.
4.2.2 Microbiological analysis
Each 20g meat sample was analysed for the following organisms using methods 
given in Chapter 2: Total Viable Count (TVC), Presumptive LAB, 
Enterobacteriaceae, Yeasts and Moulds and Pseudomonas species.
4.2.3 Statistical analysis
The logio values were calculated from the microbial count data, and analysed using 
Analysis of Variance (ANOVA) (Minitab Statistical Software for Windows 
95/98/2000,13.32) in order to determine whether any of the experimental factors 
(storage time, temperature, batch) had a significant effect on the levels of the 
different organisms present.
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The General Linear Model (GLM) was used for the analyses as the experimental 
design was unbalance, i.e. it did not have the same number of levels for each factor 
tested. The GLM can be used to analyse the effects of up to 9 factors on a single 
response (in this case logio microbial count) and is often used for analysis of 
microbiological data
The GLM was used to analyse the data in two stages:
Stage 1: All the data from the six product types were analysed as a single dataset, in 
order to determine the overall effects of the experimental factors on the 
microbiological data. This approach made the assumption that all the meat products 
behaved in a similar manner with respect to development of the microflora.
The results from this analysis showed that there were significant product effects, i.e. 
the products did not behave in the same way and therefore should not be treated as a 
single group.
Stage 2: The GLM was applied to each product independently as indications from 
stage 1 showed that there were significant product effects. For each product type, the 
GLM was initially fitted taking into account all possible interactions of factors, i.e.
Single factors: Temperature (1), Time (2), Organism (3), Batch (4)
Two-way interactions: 1*2, 1*3, 1*4, 2*3, 2*4, 3*4
Three way interactions: 1*2*3, 1*2*4, 1*3*4, 2*3*4
Four-way interaction: 1*2*3 *4
The purpose of this was to ensure there are no high order interactions of the 4 factors 
as any such interactions could give misleading results from the ANOVA. In most 
cases, the 3 and 4 level interactions were not statistically significant and the GLM 
was refitted using single factors and 2-way interactions only.
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4.3 RESULTS AND DISCUSSION
4.3.1 Initial microbiological quality of RTE meat products
The microbiological data obtained for all samples of the six RTE meat products are 
given in Appendix I. The data are summarised in Table 4.2 as the logio arithmetic 
mean cfu g'1 for each condition.
Table 4.2 Microbiological analysis of preserved meats held at 5°C and 12°C
Product Organism Logio cfu g'1 product
Initial count 5°C 12°C
Pork shoulder TVC
LAB
Enterobacteriaceae 
Pseudomonas 
Yeasts and moulds
<10 a 
7.3 x 101 
<10 
<10 
<10
1 wk 2 wk 1 wk 2 wk
1.4x 106 
2.5 x 105
1.4 xlO5 
10
2.4 xlO3
1.5 xlO8
1.2 xlO7
1.2 xlO4
1.2 xlO5 
4.8 xlO6
2.6 xlO8
1.7 xlO8 
1.3 xlO8 
10
8.2 xlO7
7.6 xlO9
1.6 xlO8 
6.8 x 109 
3.1 x 104 
3.5 x 109
Wafer thin ham TVC
LAB
Enterobacteriaceae 
Pseudomonas 
Yeasts and moulds
1.0 xlO5 
<10 
<10 
<10
1.3 xlO1
4.6 x 107 
2.5 x 107 
3.1 x 104 
<10
5.0 xlO3
1.4 xlO8
1.6 xlO8
3.7 xlO5 
6.6 xlO4 
2.3 x 106
3.6 xlO8 
9.9 xlO7
5.8 xlO7 
5.5 xlO5
4.8 xlO5
2.6 xlO9
1.1 xlO9 
5.3 x 108
3.2 xlO4 
4.8 x 107
Liver sausage TVC
LAB
Enterobacteriaceae 
Pseudomonas 
Yeasts and moulds
4.1 xlO5 
7.6 xlO2 
<10 
<10 
<10
2.1 x 106
3.7 xlO5
2.8 x 105 
<10
1.7 xlO5
2.8 xlO6 
6.3 x 108 
3.5 xlO1 
<10 
10
1.4 xlO7 
2.8 xlO6 
5.1 x 10s 
<10
9.5 x 104
2.9 x 109 
9.1 x 108 
5.0 xlO6 
<10 
10
Chicken roll TVC
LAB
Enterobacteriaceae 
Pseudomonas 
Yeasts and moulds
2.8 x 103
2.8 xlO1
7.8 xlO3 
<10 
3.2xl02
1.2 xlO8
1.3 xlO4 
1.6 xlO6 
<10 
2.7xl03
1.2 xlO8
3.9 xlO5
1.9 xlO7 
<10 
5.5x10s
1.3 xlO8 
4.0 x 106 
3.9 xlO7 
<10 
1.6x10s
1.3 xlO9 
5.6 xlO7
3.4 x 108 
<10 
1.3xl07
Pate TVC
LAB
Enterobacteriaceae
1.3 xlO5 
1.9 xlO5 
<10
4.8 x 105 
7.0 x 107 
<10
2.9 x 107
6.6 x 108
3.6 xlO4
1.1 xlO8 
2.0 x 108 
<10
1.5 xlO9 
1.1 xlO9
1.5 xlO3
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Product Organism Logio cfu g’1 product
Initial count 5°C 12°C
Pseudomonas 
Yeasts and moulds
<10
<10
4.3 x 104 
2.7 x 103
9.8 xlO6 
6.5 x 105
10
8.8 x 105
4.0xl06 
6.3 x 105
Pork pie TVC
LAB
Enterobacteriaceae 
Pseudomonas 
Yeasts and moulds
3.5 x lO 1 
1.7 x 101 
<10 
<10 
<10
9.2 x 104
1.2 x lO 4 
10
<10
4.8 x lO 3
1.1 x 106
1.2 x 106 
2.1 x 102 
<10
10
2.2 x 106 
8.6 x 105 
10 
<10
5.5 x lO 3
2.8 x 106 
1.5 x lO 6 
2.3 x lO 1 
<10
7.8 x 104
a mean of 4 samples
These data show that there is a wide diversity in the types and levels of 
microorganisms present on RTE meat products on retail sale. For each product there 
was also a wide variation in levels of microorganisms present on the four samples 
examined (Appendix I). This is not uncommon in prepared foods and demonstrates 
why replication in microbial analysis is important. The general trend in microbial 
development can be seen in Figure 4.1, which shows the mean counts for each 
organism in all products examined at weeks 0, 1 and 2.
Figure 4.1 Interaction plot showing mean levels (logio cfu g'1) of microorganisms 
present in six RTE meat products during 2-weeks storage at chill temperatures 
(5°C and 12°C)
Organism
•  Enteros 
■ LAB
♦ Pseuds 
a TVC 
► Yeasts
0 1 2 
Time (weeks)
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On the first day of analysis, the TVC was very low for some products (e.g. pork 
shoulder and pork pie had <10 cfu g'1) whereas for other products it was higher (e.g. 
liver sausage, pate and ham had >105cfu g'1). This wide range of initial microbial 
count has been shown in previous studies on sliced RTE meats and pies (Little and 
de Louvois, 1998) where 15% of samples had no TVC (limit of detection 
<100 cfu g'1) and 32% had >105cfu g"1.
All six meat products examined in this study would be considered to be of a 
satisfactory quality on the day of purchase, according to UK published guidelines on 
the microbiological quality of foods at the point of sale, where satisfactory is 
considered to be a TVC of 105-106 cfu g 1 (PHLS, 2000).
While relatively few samples were examined in this study, the results are similar to 
other larger studies. For example, in a UK National Study on the quality of RTE 
meats (Anon, 1996a), 90% of sliced hams examined had a TVC of <105 cfu g_1 at 
point of dispatch to retail sale. In further studies, (Little and de Louvois, 1998), the 
microbiological quality of 1500 samples of RTE meats from a range of butcher’s 
premises were examined and it was found that, 84% were of a satisfactory 
microbiological quality with a TVC of <106cfu g_1.
4.3.2 Changes in microbiological quality during storage
Although microbial levels in the meat products were generally low on the day of 
purchase, there was rapid growth during aerobic storage at both 5 °C and 12°C. After 
1 week at 5°C, the TVC for all products except pate and pork pie was >106cfu g'1
O  1
and in some cases as high as 10 cfu g' . All products were still within their sell-by- 
date at this point, although the microbiological quality would be considered 
unacceptable based on the criteria previously described (PHLS, 2000). Similar data 
were found from a survey of RTE meats (Anon 1996) where 90% of the sliced meats 
examined had a TVC of <106cfu g"1 immediately after manufacture but had levels of 
up to 109cfu g"1 at the end of life.
4.3.3 Effect of storage temperature
Generally, the microbial levels were higher for samples stored at 12°C than 5°C as 
may be expected (Figures 4.2 and 4.3). This was not the case for Pseudomonas
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species, which tended to have a higher count at 5°C (Table 4.3). Pseudomonas 
species are usually associated with spoilage of chilled proteinaceaous foods, and the 
strains present in the RTE meat products tended to favour the lower temperature 
where there was less competition from the other bacterial species. Ayres (1959) 
reported similar findings for chilled raw beef, where Pseudomonas predominated at 
0°C, 5°C or 10°C but not at 15°C.
Figure 4.2 Interaction plot showing mean levels (logio cfu g'1) of microorganisms 
present in six RTE meat products during 2-weeks storage at 5°C
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Figure 4.3 Interaction plot showing mean levels (logio cfu g'1) of microorganisms 
present in six RTE meat products during 2-weeks storage at 12°C
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Table 4.3. Effect of storage temperature on levels of spoilage organisms during 
(mean cfu g'1 from all samples examined during 2-week storage period)
Product Organism Mean logio 
count at 5°C
Mean logio 
count at 12°C
Pork shoulder Enterobacteriaceae 1.87 5.65
LAB 3.60 5.22
Pseudomonas 1.45 1.29
TVC 4.18 5.75
Yeasts 1.97 4.44
Wafer thin Enterobacteriaceae 1.61 4.86
ham LAB 4.41 5.62
Pseudomonas 1.36 1.68
TVC 7.09 6.73
Yeasts 1.99 4.6
Liver sausage Enterobacteriaceae 1.82 2.81
LAB 3.75 5.17
Pseudomonas 0.70 0.70
TVC 4.94 6.17
Yeasts 1.66 1.61
Chicken roll Enterobacteriaceae 3.23 5.72
LAB 2.41 4.79
Pseudomonas 0.70 0.70
TVC 3.93 6.08
Yeasts 2.77 4.22
Pate Enterobacteriaceae 1.07 0.96
LAB 5.55 5.7
Pseudomonas 2.48 1.19
TVC 5.59 6.50
Yeasts 2.04 2.37
Pork pie Enterobacteriaceae 0.88 0.79
LAB 2.31 2.94
Pseudomonas 0.70 0.70
TVC 3.26 4.31
Yeasts 1.39 1.73
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4.3.4 Microbial population dynamics
Many studies have reported that the dominant flora of cured meat products is LAB. 
For example, Holley and McKellar (1996) evaluated the microbiological quality of 
ham, pastrami and bologna, stored open at 6°C for 7 to 21 days. They found that 
during storage, the LAB and TVC increased exponentially whilst Enterobacteriaceae 
did not increase at all. Further work by these authors (Holley et al. 1996) looked at 
sliced RTE delicatessen meats stored at 4 °C and 8°C and found that the micro flora 
was almost exclusively LAB with low levels of Enterobacteriaceae.
The data from this thesis have shown that, whilst there were high levels of LAB 
present on the meat products after 2 weeks storage at 5°C and 12°C, other groups of 
organisms such as Enterobacteriaceae and yeasts and moulds were also able to grow 
to high levels, particularly at 12°C. For cooked products such as pork pie (Figure 
4.4) and pate (Figure 4.5) which would have received little handling post-cooking, 
the microbial flora was dominated by LAB.
Figure 4.4 Microbiological quality of pork pie stored at 5°C and 12°C for 2 weeks
b)12°C
Entero Pseud Y&M
For the sliced meat products (chicken roll, pork shoulder and ham), it was noticeable 
that whilst there were high levels of LAB present, there was also high levels of 
Enterobacteriaceae as illustrated for chicken roll (Figure 4.6). Pork shoulder also had 
a high level of yeasts (Figure 4.7).
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Figure 4.5 Microbiological quality of pate at 5°C and 12°C for 2 weeks
Figure 4.6 Microbiological quality of chicken roll at 5°C and 12°C
b) 12°C
1 week at 12C
dayO
Entero Pseud Y&M
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Figure 4.7 Microbiological quality of pork shoulder at 5°C and 12°C
Entero
Gillespie et al. (2000) evaluated the microbiological quality of RTE sliced meats
from catering establishments and found that 20% of the 3494 samples examined had
Enterobacteriaceae levels of >104cfu g'1, a level similar to the data presented here. In
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contrast, Samelis et al. (1998) found that whilst Enterobacteriaceae, Pseudomonas 
and yeasts and moulds were present in ham at approximately 104 cfu g'1 prior to 
processing, these organisms were not detected during subsequent storage at 4°C and 
12°C during 60 days storage. LAB were the only group to be detected, rising to 
108 cfu g'1 by 12 days at 4°C and 107 cfu g'1 by 6 days at 12°C.
The differences between the current findings and those reported by Samelis et al. are 
probably due to the atmospheric conditions used. In Samelis et al (1998), the meat 
products were packaged in anaerobic atmospheres. In the current studies, although 
some of the products were in modified atmospheres when purchased, they were 
stored aerobically once opened, as the object of the study was to simulate the effect 
of open storage on microbial quality.
Lambropoulou et al. (1996) studied the microbial groups on raw minced meat stored 
aerobically or under MAP. For MAP samples, they confirmed the established view 
for the dominance of a facultatively anaerobic microflora, particularly LAB. Under 
aerobic conditions, levels of Pseudomonas were highest of all groups tested, closely 
followed by Enterobacteriaceae.
4.3.5 Statistical analysis of main experimental effects on microbial 
growth
The Minitab General Linear Model ANOVA was used to determine which factors or 
interactions of factors had a significant effect on the logio microbial counts. The first 
analysis evaluated all the data from the six different products as a single data set to 
see if there were any overall effects on microbial count.
The results from this analysis (Table 4.4) showed that all of the interactions between 
product type and the other experimental factors had a highly significant effect on the 
log count (P<0.001). This demonstrated that the product type was influencing the 
effect of all the other factors and it was decided that each product type should be 
tested independently.
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Table 4.4 Analysis of Variance for all experimental variables (product type, 
time, batch, time, organism) and their interactions on the logio microbial count
Source df SeqSS Adj SS Adj MS F P
Product 5 339.933 342.695 68.539 1.61 0.306
Temperature 1 183.002 169.101 169.101 541.35 0.027
Organism 4 1645.351 1636.325 409.081 51.85 0.001
Time 2 1142.186 1118.015 559.008 45.20 0.022
Batch 1 49.016 51.195 51.195 0.92 0.37
Product*Temp 5 83.678 81.432 16.286 6.74 0.000
Product*Organism 20 374.587 369.608 18.48 7.65 0.000
Product*Time 10 209.29 196.279 19.628 8.12 0.000
Product*Batch 5 221.739 212.315 42.463 17.57 0.000
Temp*Organism 4 62.072 62.377 15.594 6.45 0.000
Temp*Time 2 85.037 84.294 42.147 17.44 0.000
Temp*Batch 1 0.313 0.312 0.312 0.13 0.719
Organism*Time 8 199.772 200.997 25.125 10.39 0.000
Organism*Batch 4 31.053 31.56 7.89 3.26 0.012
Time*Batch 2 24.721 24.721 12.361 5.11 0.006
Error 630 1522.817 1522.817 2.417
Total 704 6174.567
The GLM was therefore applied to each of the six products separately and the results 
from these analyses are summarised in Table 4.5, where it can be seen that in most 
cases, organism, time, or organism/time interactions had a significant effect on the 
logio count. Most of the other factors did not show any consistent effects, as the 
effect of organism and time was so large in comparison with the other factors.
Temperature was only shown to be statistically significantly for pork pie, where there 
was a 1.8 log difference in the mean count at each temperature. For other products 
there was no statistical evidence of a significant temperature effect. However, 
examination of the data shows that for all products except pate, the difference
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between the mean count at 5°C and 12°C was > log 0.8, which can be considered to 
significant in practice.
The Minitab Statistics Guide states, ‘even if the data means are statistically 
significant, this may be of no practical significance: only knowledge of the subject 
area, not statistics, can determine this’. Conversely, if the data means are not 
statistically significant, they may still be of practical significance. For 
microbiological data, differences between two data sets of <0.5 log units are 
generally not considered to be important as they are within the normal measurements 
of uncertainty of microbiological data. Recent studies have shown that for minced 
meat and meat carcasses, measurement uncertainty is 0.3-0.4 log for TVC and 0.4- 
0.51ogs for Enterobacteriaceae (Anon, 2003). Similar data were reported by Jarvis 
(1989), who considered the error in any viable count method is approximately ± 0.3 
log units. Differences of >0.5 log units are generally considered to be important in 
practice.
Table 4.5 Significance of experimental factors on logio number of 
microorganisms for the six meat products
Source Ham Chicken
roll
Pork pie Pork
shoulder
Liver
sausage
Pate
Temperature (T) NS NS * NS NS NS
Organism (O) ** * NS * * *
Time (Ti) NS ** NS ** * NS
Batch (B) NS NS NS NS NS NS
TxO NS NS NS * NS NS
TxTi ** ** NS ** NS NS
TxB NS ** NS ** NS NS
OxTi ** *** * * NS NS
OxB NS * *** NS NS **
TixB NS NS *** NS NS NS
N/S = not significant (P=>0.05)
*** = 99.9% significant (P0.001)
** = 99% significant (P=<0.01)
* = 95% significant (P=<0.05)
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Each product had a unique pattern of microbial growth during storage (Figures 4.9 to 
4.14: Appendix I), however, despite these differences, it was apparent that for all 
products, the TVC was always higher than any other microbial group throughout 
storage (Figure 4.8).
The TVC is often used as a criterion to determine the microbial acceptability of food 
products, although there is some debate on whether it is a good measure of the 
spoilage potential in foods. Most foods spoil due to metabolite production by specific 
spoilage organisms (SSOs). However, as shown by Gram et al. (2002) the SSOs vary 
for different food types and it may not be practicable to identify and enumerate these 
in routine food manufacture as an indication of microbial quality.
Figure 4.8. Interaction plot showing mean levels of each organism for the six 
RTE meat products at 1 and 2 weeks storage at chill temperatures (5°C and 
12°C)
Product
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While the TVC does not necessarily represent the potential for meat spoilage 
(Ingram and Dainty, 1971), it can be concluded, from this study, that the TVC is 
valid as a measurement of the overall microbial quality of meat products. It was
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consistently the highest microbial count irrespective of storage time and temperature 
for all products tested.
A system which could predict the total numbers of meat-associated organisms under 
a variety of different conditions, would therefore be a valuable tool for assessing the 
microbial spoilage or shelf-life of meat products.
4.4 CONCLUSIONS OF SIGNIFICANCE TO THIS THESIS
(i) Whilst many studies on the microbial flora of RTE meat products have 
reported an almost exclusive predominance of LAB, this was not found to be the case 
here for meats stored under aerobic conditions. LAB were the dominant group for 
many of the products examined; however, other groups such as Enterobacteriaceae 
were also high, particularly for sliced products.
(ii) The effects of different storage temperatures were assessed on levels of TVC, 
LAB, Enterobacteriaceae and yeasts and moulds. The levels of all microbial groups 
were generally higher at 12°C compared with 5°C after 2 weeks storage with the 
exception of Pseudomonas, where the levels at 5°C were higher than those at 12°C.
(iii) Although storage time and temperature affected the levels of microorganisms 
on six RTE meat products, the growth patterns and microbial development were 
unique to each of the products. However, the TVC was the highest microbial count 
for all products at both temperatures and would therefore be appropriate for use as a 
general indicator of microbial quality for a range of meat products.
(iv) A system that could predict the change in TVC for different conditions, 
would be a useful tool for predicting the end of shelf-life of meat products based on 
total microbial levels.
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CHAPTER 5
EFFECT OF PH, SODIUM CHLORIDE, TEMPERATURE AND 
NITRITE ON GROWTH OF BACTERIA, ISOLATED FROM 
PRESERVED READY TO EAT MEAT PRODUCTS: 
SCREENING STUDIES
To assess the effect of four environmental factors on meat spoilage 
organisms and determine the experimental conditions for development o f the
predictive model'
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5.1 INTRODUCTION
The shelf life of RTE meats can be limited by different organisms, which will vary 
dependent on the environmental conditions and product formulation (see 1.2.1). 
Preserved meat products typically contain sodium chloride (NaCl), and sodium nitrite 
(Borch et al., 1996) which is intended to achieve the characteristic colour and flavour 
of cured meat and to prevent the growth of Clostridium spores. There are several 
good reviews of the use of nitrite over the past 60 years. Tompkin (1993) describes 
research from the 1940s; and most work has focused on Cl. botulinum and other 
pathogens such as Staph, aureus, Salmonella and B. cereus.
The effect of nitrite on meat spoilage organisms has not been so extensively studied. 
Some reports (Nielson 1983a, b) show that Enterobacteriaceae,
Brock thermosphacta, and Moraxella spp. were inhibited by up to 200ppm sodium 
nitrite in Bologna-type sausages, whereas yeasts, and LAB were only marginally 
inhibited and hence tended to predominate in these products
These findings contrast with those of Gibson and Roberts (1986), who reported 
growth of E. coli and Salmonella at 10°C - 35°C was not prevented by most 
combinations of salt (1 -  6 % w/v), pH (5.6, 6.2 and 6 .8) and sodium nitrite (0-400 
ppm) tested. Inhibition only occurred under extreme conditions of pH (5.6), 
temperature (10°C) and nitrite (400 ppm). Sameshima et al. (1998) have shown that 
the growth rate of Lac. viridescens and Enterococcus faecalis was up to three times 
slower in vacuum packaged pork sausage containing 2 0 0 ppm sodium nitrite and 
stored at 10°C compared to controls containing no nitrite.
Previously (Chapter 4), the levels of different microbial groups were monitored in 
RTE meat products stored for up to 2 weeks at 5°C or 12°C. In this chapter, bacterial 
strains isolated from the meat samples will be identified and the effect of 
temperature, salt, pH and sodium nitrite on their growth evaluated. The data 
generated will be used to define the bacterial group and matrix of environmental 
conditions for use in production of a predictive model for meat spoilage organisms 
(Chapter 6).
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5.2 MATERIALS AND METHODS
5.2.1 Isolation and identification of bacteria from RTE meats
Six different types of RTE meat products were purchased from a local retailer: pork 
shoulder; wafer-thin ham; liver sausage; chicken roll; pate and pork pie. The 
samples were stored for up to 2  weeks at 5 and 12°C and analysed for levels of a 
range of spoilage organisms including TVC and LAB as previously described 
(<Chapter 4).
Following incubation of the test plates, twenty-nine colonies were chosen from the 
PCA and MRS A plates for identification to represent the different morphological 
characteristics present on the two media. Table 5.2 contains information on the meat 
samples from which the colonies were identified including how long they had been 
stored and at which temperature.
The colonies were streaked onto the surface of PCA or MRS A, dependent from 
which agar they were originally isolated, and incubated at 30°C for 24 -  72h until 
good growth was detected. The organisms were Gram stained, and catalase and 
oxidase tests done {Chapter 2) to determine the most likely genus or family group 
and thus the most appropriate API test kit to use for identification (Figure 5.1). These 
were prepared, incubated and analysed according to manufacturers’ instructions to 
identify the isolated organisms.
The isolated cultures were maintained on agar slopes (PCA or MRSA as appropriate) 
and stored at 2-4°C until required.
5.2.2 Assessment of growth characteristics
5.2.2.1 Laboratory media
Screening trials were done to determine the growth characteristics of the meat 
isolates under single environmental stresses, i.e. reduced temperature, low pH, high 
NaCl, or presence of potassium nitrite (KNO2) (Table 5.1). Two broths were used for 
these screening studies, BHIB and NB.
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Figure 5.1: Decision tree for identification of Aerobic/Facultative bacteria
Gram Stain
f
Gram -ve Gram +ve
I
;
Cocci RodsRods
Oxidase +ve Oxidase -ve Catalase +ve Catalase -ve Catalase +ve Catalase -ve
1 1  1 1  1 1
Presumptive Presumptive Presumptive Presumptive Presumptive Presumptive
Non-Enteros Enteros Staph. Strep. „ 77 LAB
I 1 1 1 1 1
API API API API API API
20NE 20E Staph Strep 50CHB 50CHL
For each broth, the required amount of salt was added to the dry powder and 
dissolved in deionised water. The pH was adjusted prior to autoclaving by addition 
of hydrochloric acid (1M) or sodium hydroxide (1M). The broths were decanted in
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10ml volumes and autoclaved at 121°C for 15 minutes. The pH was re-checked after 
autoclaving and only used if within ± 0 .1  unit from the target.
A stock solution of KNO2 solution was prepared containing 20,000ppm and filter 
sterilised. This was diluted to produce a further stock solution of 10,000ppm KNO2. 
These solutions were dispensed aseptically into the 10ml broths in quantities of 
0.1ml to achieve the required concentration of 200 or lOOppm KNO2.
Table 5.1 Test conditions for screening studies
Temp °C KNO2 (ppm) Target pH Added Salt % w/v
30 lOOppm 7.0 0
30 2 0 0 ppm 7.0 0
30 0 4.5 0
30 0 5.0 0
30 0 7.0 4
30 0 7.0 6
5 0 7.0 0
5.2.2.2 Inoculation of laboratory medium
Each of the isolates was grown separately in 10 ml NB or BHIB incubated at 30°C 
for 48h. Duplicate broths of each test condition were inoculated with 0.1ml of each 
isolate at a final level of approximately 1 0 5 cfu ml' 1 and incubated at the appropriate 
temperature (see Table 5.1).
Broths were assessed at regular intervals for visible signs of turbidity to indicate 
growth had occurred. The observations were stopped after 35 days as this was 
considered to be the maximum likely shelf-life of the majority of RTE meat products. 
Some of the broths were maintained under the relevant storage conditions and re­
examined after 142 days.
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5.3 RESULTS AND DISCUSSION
5.3.1 Identification of meat isolates
The identification of the twenty-nine organisms isolated from the preserved meat 
products is shown in Table 5.2. The products from which the organisms were isolated 
are described as are the agars and dilutions from which the colonies were chosen. 
Cultures marked with an asterix were used in the meat spoilage model in Chapter 6 .
Table 5.2: Identification of organisms isolated from preserved meats
No Product
(Storage
Temp°C/Time)
Agar
(dilution)
Gram Rods/
Cocci
Oxidase Catalase API Identification 
(% match)
1* Pork Shoulder 
(5°C/ lwk)
PCA
(1 0 '5)
R + 20E Serr.
liquefaciens
(96%)
2 Pork Shoulder 
(5°C/lwk)
PCA
(1 0-4)
R + + 20 NE Ps. fluorescens 
(70%)
3 Pork Shoulder 
(5°C/lwk)
PCA
(1 0-4)
R + + 20 NE Ps. fluorescens 
(47%)
4 Pork Shoulder 
(12°C/lwk)
PCA
(io-8)
” R + 20E E. coli 
(87%)
5 Pork Shoulder 
(12°C/lwk)
PCA
(IO’8)
” R - + 20E Serr. liquefaciens 
(80%)
6 * Chicken Roll 
(5°C/2wk)
PCA
(1 0’8)
R ” + 20E Serr. liquefaciens 
(92%)
7 Chicken Roll 
(5°C/lwk)
MRSA
(1 04)
+ R ” + 50
CHB
B. licheniformis 
(67%)
8 * Chicken Roll 
(12°C/lwk)
PCA
(IO4)
“ R + + 20NE Ps. putida 
(94%)
9 Chicken Roll 
(12°C/2wk)
PCA
(IO7)
R + 20E Ent. aerogenes 
(Low
discrimination)
10 Chicken Roll 
(12°C/lwk)
MRSA
(IO’5)
+ C “ “ Strep. Strep, equinus 
(54%)
11 Liver Sausage 
(5°C/lwk)
PCA
(IO’5)
” R + + 20NE Ps. putida 
(84%)
12 Liver Sausage 
(5°C/lwk)
PCA
(IO’5)
+ R + 50
CHL
Broch.
thermosphacta
(99.9%)
13 Liver Sausage 
(5°C/lwk)
PCA
(IO4)
R + 20E Ent. aerogenes 
Low
discrimination)
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No Product
(Storage
Temp°C/Time)
Agar
(dilution)
Gram Rods/
Cocci
Oxidase Catalase API Identification 
(% match)
14 Liver Sausage MRSA + R - + 50 B. subtilis
(12°C/lwk) (1 0-4) CHB (low
discrimination)
15 Liver Sausage MRSA + R - - 50 Lac. brevis
(12°C/lwk) (IO5) CHL (93%)
16 Liver Sausage MRSA -/+ R - - 50 Lac. viridescens
(12°C/lwk) (IO'5) CHL (60.3%)
17 Liver Sausage MRSA + R - - 50 Lac. brevis
(12°C/lwk) (IO'5) CHL (93%)
18 Liver Sausage MRSA + R - - 50 Lac. delbrukei
(5°C/lwk) (io-4) CHL (97.3%)
19 Ham PCA + R - + 20E Serr. liquefaciens
(12°C/2wk) (IO'7) (73%)
2 0 Ham MRSA -/+ R - - 50 Lac. lactis
(5°C/2wk) (IO'7) CHL (52%)
21 Ham MRSA -/+ R - - 50 Lac. brevis
(5°C/2wk) (IO'7) CHL (low
discrimination
2 2 Pork Pie PCA + C - - Strep Aerococcus
(12°C/2wk) (IO'2) • viridans (99.9%)
23 Pork Pie PCA -/+ R + + 50 B. pumilus
(5°C/2wk) (IO'6) CHB (76%)
24 Pork Pie PCA +/- R + + 2 0 Ps. fluorescens
(5°C/lwk) (IO'3) NE (99.8%)
25 Pork Pie MRSA -/+ R - - 50 Lac. viridescens
(5°C/lwk) (io-4) CHL (75%)
26 Brussels Pate PCA + R - + 50 B. pumilus
(12°C//2wk) (IO'5) CHB (93%)
27 Brussels Pate PCA - R + + 2 0 Ps. fluorescens
(5°C/lwk) (IO'5) NE (98%)
28 Brussels Pate MRSA + R - - 50 Lac. viridescens
(12°C/lwk) (IO'7) CHL (75%)
29 Brussels Pate MRSA + R - - 50 Lac. viridescens
(5°C/2wk) (IO'8) CHL (78%)
LAB (31% of isolates) were exclusively isolated from MRSA whilst PCA allowed a 
range of organisms to be isolated including Enterobacteriaceae (28%), Pseudomonas 
(17%) and Bacillus (14%) (Figure 5.2). These data are similar to those reported by 
von Holey et al. (1991) who found that NA and VRBGA allowed the isolation of a
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wide range of Gram positive and negative organisms from meat products whilst 
MRSA exclusively detected LAB.
In many studies on the micro flora of RTE meat products, there is a bias towards 
using selective agars intended for isolation of LAB, e.g. MRSA. Whilst these 
organisms are often prevalent on modified atmosphere packed meat samples, a range 
of other organisms is also present as demonstrated in this study. The exclusive use of 
selective agar may produce a distorted picture of the diversity of microorganisms 
present in preserved meat samples, whilst the use of a general non-selective agar 
would allow a wider range of genera to be found. This is important for meat 
products, which begin their life packaged in modified atmospheres but spend a large 
proportion of the shelf-life in aerobic conditions after opening, where many microbial 
groups will contribute to spoilage.
Figure 5.2 Distribution of microbial groups isolated from preserved meats 
a) MRSA
E Lactic acid bacteria
E Bacillus
□ Others
b) PCA
□ B.thermosphacta
□ Enterobacteriaceae
□ Pseudomonas 
■ Bacillus
□ Others
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5.3.2 Growth characteristics of meat isolates
Table 5.3 shows the time to visible turbidity observed for the organisms isolated 
from the RTE meat products for all conditions except 100 or 200 ppm KNO2 (data 
not shown), where growth was rapid for all strains (see 5.3.2.1). Microscopic 
examination of the turbid broths indicated levels of approximately 1 0 7 cells per ml of 
broth had been achieved at the point turbidity was detected. A range of times to 
turbidity was seen under the different conditions, with growth observed as soon as 1 
day, or as long as 35 days after inoculation. Of the 203 conditions tested, 
approximately half resulted in no observed growth within the 35 day trial.
TABLE 5.3. Time to growth (d) for bacteria isolated from RTE preserved meat 
products as affected by storage temperature (5°C), NaCl (4/6%) and pH 
(4.5/5.0).
Organism
(source)
5°C
BHIB
5°C
NB
4% Salt 
BHIB
4% Salt 
NB
6% Salt 
BHIB
6% Salt 
NB
pH 5.0 
BHIB
pH 5.0 
NB
pH 4.5 
BHIB
pH4.5
NB
Lac. viridescens 
(LS)
NG NG NG NG NG NG NG NG NG NG
Lac .viridescens 
(PP)
17 NG NG 9 NG NG NG 18 NG NG
Lac. viridescens
(P)
NG NG NG NG NG NG NG 35 NG NG
Lac. viridescens
(P)
NG NG 17 NG 16 NG NG 9 NG NG
Lac. brevis 
(H)
NG NG 35 8 NG NG 8 NG NG NG
Lac. brevis 
(LS)
17 NG NG NG NG NG NG NG NG NG
Lac. brevis 
(LS)
NG NG NG NG NG NG NG NG NG 30
Lac. delbrukei 
(LS)
8 8 35 NG NG NG 3 18 4 18
Lac. ladies 
(H)
NG NG NG 8 NG NG 8 4 14 18
Aer. viridans
(PP)
NG NG 35 NG NG NG 8 NG NG NG
B. licheniformis 
(CR)
17 NG 30 NG NG NG 2 NG 8 18
B. pumilus
(PP)
9 NG 3 NG 16 NG 35 8 NG NG
B. pumilus
(P)
NG NG NG 18 NG NG 4 8 NG NG
B. subtilis 
(LS)
NG NG 35 NG 16 NG 3 2 8 18
Ps. fluorescens
(PP)
17 8 NG NG NG NG NG 18 NG NG
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Organism
(source)
5°C
BHIB
5°C
NB
4% Salt 
BHIB
4% Salt 
NB
6 % Salt 
BHIB
6 % Salt 
NB
pH 5.0 
BHIB
pH 5.0 
NB
pH 4.5 
BHEB
pH4.5
NB
Ps. fluorescens
(P)
17 9 NG 36 NG NG NG NG NG NG
Ps. fluorescens 
(PS)
8 8 NG NG NG NG NG 3 4 NG
Ps. fluorescens 
(PS)
8 8 4 8 NG NG 2 9 NG 18
Ps. putida 
(LS)
8 9 8 3 18 9 NG 2 8 17
E. coli 
(PS)
8 NG 6 8 NG NG 2 2 3 3
Serr. liquefaciens 
(PS)
8 16 2 8 NG NG 2 2 3 2
Serr. liquefaciens 
(H)
9 8 2 3 NG NG 8 2 2 2
Serr. liquefaciens 
(PS)
17 8 3 8 NG NG 2 3 4 4
Serr. liquefaciens 
(CR)
8 8 4 35 NG NG 4 3 8 4
Serr. liquefaciens 
(CR)
8 8 3 8 NG NG 4 2 8 2
Ent. aerogenes 
(LS)
8 8 35 2 NG NG 3 2 8 3
Ent. aerogenes 
(CR)
8 8 NG 8 NG NG 3 4 8 4
Strep, equinus 
(CR)
NG NG NG NG NG NG 3 4 NG NG
Broch.
thermosphacta
(LS)
NG NG NG NG NG NG NG NG 8 NG
NG - No growth within 35 d
NT - Not tested
PS - Pork Shoulder H - Ham
CR - Chicken Roll PP - Pork Pie
LS - Liver Sausage P - Pate
5.3.2.1 Effect of nitrite
For all organisms grown in BHIB and NB with 100 ppm or 200 ppm nitrite at 30°C, 
growth was rapid, occurring between 1 and 4 days. Nitrite did not appear to have any 
inhibitory effect on these organisms and would therefore be unlikely to prevent their 
growth in cured meat products. Similar data were reported by Gibson and Roberts 
(1986) where E. coli and Salmonella grew within one week at 35°C in the presence 
of up to 400 ppm nitrite.
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5.3.2.2 Effect of pH
At pH 5.0, eleven organisms were unable to grow in BHIB during the trial compared 
with eight in NB whilst at pH 4.5, fourteen out of the twenty-nine organisms failed to 
grow in BHIB or NB. Some organisms, however, were able to grow rapidly in the 
reduced pH environment and the fastest time to growth observed at pH 4.5 was 2 
days for Serr. liquefaciens.
LAB appeared to be most affected by pH, with 8 out of 9 isolates failing to grow 
under acidic conditions in both broths, followed by Pseudomonas spp where 3 out of 
5 organisms failed to grow.
LAB are generally able to grow under acidic environments and their ability to 
produce and tolerate high levels of acid has led to their use in fermentation processes 
(Adams, 2001). However, some LAB are less acid tolerant, for example, work by 
Betts and Linton (1998), showed that a strain of Carnobacterium divergens took 25 
days to show turbidity at pH 4 and 2°C, whereas other LAB typically took 2 to 4 
days.
5.3.2.3 Effect of salt
The organisms isolated from RTE meats were fairly sensitive to high levels of salt.
At 4% (w/v) salt, thirteen organisms did not grow in BHIB and fourteen did not grow 
in NB. LAB were again the most sensitive group with seven organisms failing to 
grow, followed by Pseudomonas spp., where three organisms were unable to grow. 
Enterobacteriaceae were relatively unaffected by 4% salt and had the fastest time to 
growth of 2  days.
When the salt was at 6 % (w/v) twenty five and twenty eight out of the twenty nine 
strains failed to grow in BHIB and NB respectively after 35 days or indeed after 142 
days when the broths were re-examined. This is in marked contrast to data from 
Gibson and Roberts (1986) who found that members of Enterobacteriaceae were able 
to grow within 1 week at 6 % salt and 35°C. It would appear that 6% added salt 
should therefore be the maximum amount for any future growth studies. Beyond this 
level, growth of typical meat spoilage organisms would be unlikely to occur under
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chilled conditions. In addition, most RTE meat products would not contain salt levels 
higher than this, for example, average salt values for RTE meats are 2.14% with a 
range of <1% to 4.99% (Anon, 1996b).
5.3.2.4 Effect of temperature
From the twenty-nine organisms tested, thirteen were not able to grow within 35 days 
at 5°C in BHIB and sixteen did not grow in NB. Again, LAB appeared to be the 
group most affected by temperature as eight organisms in this group failed to grow at 
5°C.
The quickest time to growth (8  days) was observed for strains of Pseudomonas spp, 
Enterobacteriaceae and Lactobacillus spp. It would appear therefore that chill 
storage temperature achieved the greatest reduction in growth rate of meat spoilage 
organisms as the fastest time to growth from any organism at 5°C was 4-fold longer 
than the fastest growth achieved under any other condition.
5.3.2.5 Effect of broth type
There were some differences in the times to growth observed between the two broth 
types for any condition (Table 5.3). To determine whether there were any trends in 
these data, the mean time to growth was calculated from all isolates showing growth 
in the 35-day trial for each condition (Table 5.4). Time to growth was shorter in 
BHIB than NB for pH 5.0 and 4.0. In the presence of added salt, fewer isolates were 
able to grow in NB compared with BHIB, however, where growth occurred it was 
quicker in NB.
Overall, the isolates grew under more conditions in BHIB (75) than NB (65) and 
growth was faster in BHIB except in high salt environments. It was therefore 
concluded that BHIB was the slightly better growth medium and was used for the 
production of the mathematical model in Chapter 6 .
BHIB and NB are both buffered to pH 7.4. However, BHIB has a much higher level 
of protein (27.5 gl"1) thanNB (8  gl’1). In addition, BHIB contains added sugar, which 
is not present in NB.
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BHIB is more similar to the nutritional composition of meat products and many 
studies have used BHIB during the production of predictive models, e.g. for 
psychrotrophic B. cereus (Baker and Griffiths, 1993), L. monocytogenes in meat 
products (Devlieghere et al, 2001) and for mixed cultures of L. monocytogenes and 
Ps. fluorescens (Buchanan and Bagi, 1999).
Table 5.4. Mean time to growth (d) of organisms isolated from meat products 
and grown under different environmental conditions.
Condition
Time (d)
BHIB
sda nb Time (d)
NB
sd n
5°C 11 .1 4.3 18 8 .8 2 .2 13
4% (w/v) salt 16.1 15 17 11.3 10.5 15
6% (w/v) salt 16.5 1 4 9 NA 1
pH 5.0 5.8 7.6 18 7.5 8.4 2 1
pH 4.5 6.5 3.1 15 10.7 9.1 15
a sd = standard deviation
b n = number of broths showing growth under each condition
5.3.2.6 Bacterial ecology of RTE meats
The majority (76%) of the isolates from RTE meats represented three microbial 
groups, i.e. Enterobacteriaceae, Pseudomonas and LAB. None of the organisms 
tested was adversely affected by the inclusion of up to 200ppm nitrite at 30°C and 
growth occurred within 1 - 4  days under these conditions. Of the stresses evaluated, 
the organisms were particularly affected by high salt levels and at 6 % (w/v) salt, 25 
of the organisms did not grow within 35 days although at 4% salt, growth occurred 
within 2 days for some organisms. Of the isolates tested, Enterobacteriaceae, and in 
particular Serr. liquefaciens, had the fastest growth under all conditions evaluated. 
This organism is often found in spoiled chilled foods (Nielson and Zeuthen, 1983) 
and is able to proliferate under conditions found in meat products.
Members of the Enterobacteriaceae are able to adapt relatively quickly to stressful 
situations. With respect to cold, members of the group have generally been shown to
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adapt to this environment by changing the level of unsaturated fatty acids. This is 
achieved by membrane-bound desaturases and allows a faster response than synthesis 
of new fatty acids (see 1.2.2.2). With respect to high acidity, E. coli can effectively 
maintain its pHi over an external pH range of 4.5-5.9 (see 1.2.2.2) and Serratia 
marcescens has been shown to grow to an aw level of 0.943 (equivalent to 8.7%NaCl) 
(see 1.2.2.4). The rapid response of Enterobacteriaceae to all stresses imposed in 
these trials makes this group successful as spoilage organisms under the 
environmental factors present in chilled RTE meats.
5.4 CONCLUSIONS OF SIGNIFICANCE TO THIS THESIS
(i) Twenty-nine bacterial strains (17 species), comprising over ten different 
genera were isolated from meat samples. The majority (76%) of the isolates 
represented three microbial groups, i.e. Enterobacteriaceae, Pseudomonas and LAB. 
A mathematical model for meat spoilage organisms should therefore contain a 
microflora based on these groups of organisms.
(ii) Screening studies were done to assess the growth characteristics of the 
isolated organisms under stresses that would commonly be found in preserved cured 
meat products, i.e. salt (4-6%), nitrite (100-200ppm KNO2), pH (4.5-5.0) and 
temperature (5°C). None of the organisms was adversely affected by the nitrite levels 
tested, although the other factors, particularly 6 % (w/v) salt were able to inhibit 
between eight and twenty eight of the organisms during a 35-day storage period. A 
predictive model based on meat spoilage organisms should be limited to a maximum 
of 6% added salt and a minimum pH of 4.5.
(iii) Overall, Brain Heart Infusion Broth was found to be a better growth medium 
than Nutrient Broth and would be used for future studies to produce a predictive 
microbiological model for meat spoilage organisms.
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CHAPTER 6
DEVELOPMENT OF A MATHEMATICAL MODEL TO PREDICT 
THE GROWTH OF MEAT SPOILAGE BACTERIA
' To develop a predictive model for meat products using a cocktail of meat 
spoilage bacteria which gives reliable growth predictions over a range of
environmental conditions ’
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6.1 INTRODUCTION
Over recent years, mathematical models have been developed to predict the growth 
of microorganisms in food products. Primarily, these systems have concentrated on 
food pathogens, e.g. FMM (McClure et al., 1994) and PMP (Buchanan, 1991), but 
more recently specific models have been reported for food spoilage organisms (Betts 
and Everis, 2000; Blackburn, 2000).
Drawbacks of current models are that they do not take into account all the 
antimicrobial factors present in a foodstuff (Whiting, 1997), or do not include 
microbial interactions, even though growth curves from mixed cultures may provide 
better predictive models for foods (Duffy et al., 1999). When models derived from 
broth data are compared with food systems they often differ. Foods may support 
better growth than broth systems (Zhao et al., 2002), or slower growth due to the 
structural properties of the food matrix (Lebert et al., 1998; Wilson et al., 2002).
This weakness has been recognised by many and some models have been developed 
for specific meat products, e.g. cured sausages, which use a mixed group of naturally 
present microflora (Aggelis et al., 1998; Giannuzzi et al., 1998).
Traditionally, the approach to predictive modelling has been to evaluate the 
responses of a single microbial species, (albeit a cocktail of strains) to different 
environmental conditions. This is not realistic when considering models for 
application to foods and it is therefore more appropriate to use a mixed group of 
microorganisms. There are several reasons why this approach has not been 
extensively used for predictive models.
The first is a matter of model performance. In a single species model, it would be 
expected that the growth rate would decrease as the salt level increased. In a mixed 
species model, this may not occur if the individual species within the population 
reacted differently to the changing salt levels. One species may be the fastest 
growing at low salt concentrations, but grow poorly, if at all, at higher salt 
concentrations. Another species may be better able to tolerate high levels of salt and 
continue to grow well under these conditions. Therefore, the mixed species group 
may show an unusual response in terms of growth rate as the salt level increased and 
this could lead to a model with poor performance with respect to salt.
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The second issue is one of purism. It is strictly correct to assign measures of growth, 
such as lag time and growth rate, to an individual organism. In the case of mixed 
culture modelling they will apply to the entire microbial population and not an 
individual. Therefore some re-definition of the terms lag time and growth rate may 
be needed for mixed culture growth.
When considering the issue of mixed cultures, McMeekin et al. (1993) initially 
stated that it is ‘inherently unlikely that a single equation could model such a 
complex situation’ as mixed culture modelling. However, after consideration of 
modelling total microflora in relation to spoilage of fish, poultry, dairy products and 
red meats, they concluded that this approach showed ‘considerable potential for 
practical application’ and was a ‘useful procedure in shelf-life evaluation’.
The aim of this study is to produce a predictive microbiological model of general 
applicability to meat spoilage organisms. Growth of a group of bacterial species will 
be studied under a wide range of pH, temperature, salt and nitrite and the reliability 
of the model determined using studies of inoculated and naturally contaminated 
foods.
The accuracy of the model predictions will be assessed with respect to predictions of 
lag time, growth rate and time for a specific increase in microbial numbers using the 
indices of Ross (1996). These indices and subsequent modifications (Baranyi et al., 
1999) have been used extensively (Bharati et al., 2001; Oscar, 2002; Wei et al.,
2 0 0 1 ) to measure model performance for a variety of organisms and product types.
Graphical representations will also be used to evaluate model reliability as these have 
been shown to be useful means to demonstrate trends and structural deviations in 
model predictions (Castillejo-Rodriguez et al., 2002).
6.2 MATERIALS AND METHODS
6.2.1 Organisms
Sixteen bacterial strains representative of typical meat microflora were used for the 
meat spoilage model. Cultures were chosen from the RTE meats evaluated in 
Chapter 4 or from the CCFRA culture collection {Chapter 2). The cultures
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represented the three groups, Enterobacteriaceae, Pseudomonas and LAB. In 
addition, Broch.thermosphacta was included, as this has been shown to be important 
in meat spoilage (Metaxopoulus et al. 2002).
6.2.2 Experimental matrix
A range of broth combinations was used in order to assess the effects of pH, 
temperature, salt and potassium nitrite (KNO2) on the meat spoilage cocktail.
A 4x4x4x5 factorial design was used at the following levels.
pH: 4.6, 5.4, 6.2, 7.0
added salt % (w/v) 0, 2, 4 and 6
KN02 (ppm) 0, 80, 160, 240
temperature (°C) 2, 5, 8,15, 22
6.2.3 Preparation of growth media
The basal medium used was BHIB as this is a more appropriate meat analogue for 
the organisms used in this study {Chapter 5). Broths were made and autoclaved as 
described previously (see 5.2.2.1) and stored in a refrigerator at 2-6°C until required.
6.2.4 Evaluation of growth kinetics
Each organism was grown separately in 10 ml BHIB incubated at 30°C for 48h. 
Levels were assessed microscopically as described in Chapter 2 and samples (1 ml) 
containing similar levels of each organism were combined to form the cocktail. This 
was then inoculated into BHIB (100 ml), equilibrated to the appropriate test 
temperature, to achieve a final level of approximately 104 cells per ml. Inoculated 
broths were incubated at the relevant temperature and samples (1 ml) were taken at 
regular time intervals, diluted in MRD and enumerated on PC A incubated at 30°C 
for 72±4h. The time intervals were dependent on the incubation temperature and 
designed to enable the critical points in the growth curve to be determined. It was 
aimed to obtain at least ten sample times for each growth curve.
95
The use of PCA as a general recovery medium was evaluated to ensure it allowed 
good recovery of all the test organisms. Each organism was grown separately in 
BHIB at 30°C for 24-48h and then enumerated on PCA, MRS A and VRBGA and 
PSAB incubated at 30°C. Levels of organisms were enumerated after 3 days and 
after a further 2  days incubation.
6.2.5 Production of mathematical model
In many predictive growth models, the microbial data are fitted in two distinct 
phases. A growth curve is fitted separately to the microbial count data obtained under 
each condition using a primary model such as Gompertz, Logistic or Baranyi. Then, 
the parameters calculated from the curve fitting process model, e.g. lag time and 
growth rate are modelled using a secondary model, e.g. polynomial regression.
The approach taken with the FORECAST system uses a computer program to fit both 
the primary and the secondary equations in a single stage. This approach was 
developed during the production of FMM and is described by Jones and Walker 
(1993). The advantage of a single stage modeling approach is that there is no 
requirement for perfect growth curves to be achieved under every individual set of 
conditions since the data are analysed as a whole data set. This is not the case in a 
two-stage process where incomplete growth curves are often omitted from the fitting 
process.
The microbiological count measured for each broth were entered into an Excel 
spread sheet (Figure 6.1) and modelled using an in-house Fortran program based 
upon routine E04JAF from the NAG Fortran library (Numerical Algorithms Group, 
Oxford, UK). The primary equation was the reparameterised Gompertz as shown 
below.
Y(t) = A+C * exp {-exp [ ji* e* (L-t)/C+1 ]}
Where Yt = logio cfu at time (t)
A = count at lower asymptote (approximately equivalent to initial count)
C = count as time increases indefinitely (approximately equivalent to 
maximum population - A) 
e ^constant (2.718), \i = growth rate, X = lag time
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Figure 6.1. Example of spread sheet for data entry into the modelling program
Analysis number Time of 
measurement
Units of 
time
Factor Level
1 0 HOURS TEMP 5
1 0 HOURS NACL 0
1 0 HOURS PH 4.6
1 0 HOURS NITRITE 0
analysis V 2 to 319 ▼ ▼ T T
320 0 HOURS TEMP 2 2
320 0 HOURS NACL 6
320 0 HOURS PH 7
320 0 HOURS NITRITE 240
MICROBIAL DATA
Analysis number Time of 
measurement
Units of 
time
Count
1 0 HOURS 2.40E+04
1 48 HOURS 2.70E+04
1 144 HOURS 1.40E+06
192 HOURS 3.72E+06
1 240 HOURS 3.80E+06
1 312 HOURS 5.00E+06
1 384 HOURS 1.50E+07
1 504 HOURS 1.70E+06
analysis V 2 to 319 T T ▼
320 0 HOURS 2.12E+04
320 2 HOURS 1.78E+04
320 4 HOURS 1.36E+04
320 24 HOURS 2.36E+05
320 30 HOURS 6.40E+05
320 48 HOURS 6.30E+06
320 51 HOURS 8.60E+06
320 1 2 0 HOURS 1.70E+07
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The effects of the experimental factors on each of the Gompertz parameters were 
determined using quadratic regression equations as shown below:
P = a+biP +b2T+b3S+b4N +b5PJ +b6T2+b7S2+b8N2+b9PT +bi0PS+bi iPN +bi2TS 
+bi3TN+bi4SN
where P = parameter of interest, e.g. Ln X or Ln p 
a = constant
b l .. .bl4 are coefficients generated by the regression models 
P = pH, N = Nitrite, S = Salt, T = Temperature
6.2.6 Assessment of model performance
The overall fit of the model to the data was determined from the regression 
coefficient (R ) adjusted to take into account the number of data points and model 
parameters (R -adj). The performance of the model for predicting values of 
microbiological importance to shelf-life determination, was assessed with respect to 
five related growth parameters; lag time (A,), maximum growth rate (p) and time to 
achieve a 1 log (Li), 2 log (L2) or 3 log (L3) increase in numbers.
Whilst X and p are often used for evaluation of model performance, these factors are 
of limited use in practical situations when considering spoilage organisms, where the 
time taken to achieve a target increase in numbers of microorganisms may be of 
more use for assessing product shelf life.
The bias factor (10 (Bog (YpredicteOTobservedyn^  Qf Rogs wa£. ^  tQ determine
whether there was any tendency for the predicted values to be greater than or less 
than the observed values. In the bias factor (Bf), positive and negative differences 
cancel each other out; therefore a Bf of 1.0 would indicate that on average, the 
predicted values were equal to the observed.
The accuracy factor (10 GllogtYpredicteOTobserved)!^  1996); was used t0
determine the absolute error in predictions, i.e. by how much, on average, the 
predicted value differed from observed value. In the accuracy factor (Af), the sign is
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ignored and all differences are taken to be positive, therefore giving a measure of the 
total inaccuracies of the model.
In addition, simple graphical approaches have been found to be successful in 
showing errors between observed and predicted data (Bratchell et al., 1990), 
therefore, the data were also evaluated graphically as predicted X, p, Li, L2 and L3 
values plotted against observed values. The use of different model validation and 
verification techniques is described by Betts and Walker (2004)
6.2.7 Food verification
The meat spoilage model was verified by comparing predicted growth values to 
those observed from inoculated food studies. The following foods were used: cooked 
chicken breast, cooked beef, sliced RTE chicken roll, sliced ham, raw chicken.
The sliced chicken roll, ham and raw chicken were purchased from a local retailer 
and stored at 4±1°C for 24 hours. The level of salt in these products was determined 
from the declaration on the product label. For the cooked chicken and beef, raw 
product was purchased from a local retailer and cooked homogenates were prepared 
as described by Gaze et al. (1989) with the salt level adjusted to 2.0% added salt 
(w/w).
The pH of the food samples was measured using an Orion 250 pH meter. 10-20% 
sterile distilled water was added to the solids and mixed/blended to a uniform 
consistency. The pH meter was calibrated with pH 4.0 and pH 7.0 buffers prior to 
use.
Samples (10 g) of each product were placed into sterile glass bottles and allowed to 
equilibrate at the test temperature (2, 8 ,12 and 22°C). With the exception of raw 
chicken, the samples were inoculated with 0 .1ml of the same cocktail meat spoilage 
organisms used to produce the predictive model. The inoculum was mixed 
throughout the food sample. For the raw chicken product, the microflora naturally 
present on the samples was monitored.
The food samples were then re-incubated at the test temperature and growth curves 
obtained as described in 6.2.5. The lag times, Li and L3 values were calculated from
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the food studies and also predicted using the meat spoilage model. Growth 
parameters obtained in foods were compared with predicted values from the model, 
using the Bf and Af values previously described.
6.3 RESULTS AND DISCUSSION
6.3.1 Efficacy of recovery conditions for meat spoilage flora
All bacteria used in the cocktail were able to grow on PCA within 3 days (Table 6.1). 
There was a slight increase (<5%) in levels of 3 of the 10 species present after 5 days 
incubation but this was not considered to be of any practical importance. It was 
concluded that PCA incubated for 3 days was suitable to allow enumeration of the 
total bacterial population in the mixed culture.
Table 6.1 Growth of meat spoilage organisms on selective and non-selective 
agars after 3 d at 30°C
Culture PCA VRBGA PSAB MRSA
Leuconostoc mesenteroides G* - - G*
Lactobacillus sake G G - G
Carnobacterium divergens G - - G
Pseudomonas aeruginosa G* - G -
Pseudomonas fluorescens G - G -
Pseudomonas putida G* - G -
Brochothrix thermosphacta G - - G
Enterococcus spp G G - G*
Serratia marcescens G G - G
Serratia liquefaciens G G - -
G = growth observed within 3 d with no increase when reincubated up to 5 d 
G* = growth observed within 3 d with slight increase when reincubated up to 5 d 
- = no growth observed within 5 d
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6.3.2 Microbial growth kinetics
6.3.2.1 Effect of environmental factors
The microbial data obtained from the study were plotted as logio cfu ml"1 against
time. The fitted growth curves from the model were also plotted on each graph and in 
most cases the curves fitted the observed data very well. An example is shown below 
(Figure 6.2) and the full set of curves is contained in Appendix II.
Figure 6.2 Example of a fitted growth curve for the meat spoilage cocktail 
grown at 5°C in BHIB adjusted to pH 5.4 and containing 4%NaCl and 80 ppm 
nitrite.
The growth characteristics of the meat spoilage bacteria were markedly affected by 
interactions of the experimental factors. At 5°C and pH 4.6, growth was observed 
within 200 hours when there was 0 or 2% added salt present (Appendix II: Figures 
6.7a and 6.7b respectively). However, as the added salt level increased to 4 and 6% 
(Appendix II: Figures 6.7c and 6.7d respectively) growth was inhibited and the 
organisms remained in lag phase for at least 500 hours. Similar trends were observed 
for broths incubated at 8°C. For the extreme environmental condition of pH 4.6 and 
6% added salt, growth only occurred when the temperature was increased to the 
maximum studied (22°C) (Appendix II: Figure 6.10d).
The general effects of temperature, pH, salt and KNO2 on lag time and growth rate 
are shown in Figures 6.3 and 6.4 respectively as main effects plots (Minitab
10 T
X Log10cfu/g 
0 fitted growth 
curve
0 100 200 300 400 50u
7ime(h)
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Statistical Software for Windows 95/98/2000, 13.32). The figures illustrate the mean 
logio lag time or growth rate from all the data for each level of the individual factors. 
The lag times were transformed to logio values, as this is often necessary to 
normalise time-based microbial data (see 8.3.1).
Temperature had the greatest effect on the mean lag time (Figure 6.3). At the lowest 
temperature of 2°C, the mean lag time was 151 h whilst at 22°C it was 19.9 h. The 
pH value also had a marked effect on the predicted lag time, which ranged from 
107 hours at pH 4.6 to 55 hours at pH 6.2. Increasing the added salt level from 0 to 6 
% increased the lag time from 44 h to 105 h. The data for KNO2 were not conclusive 
and showed no particular trends with respect to lag time.
The main effects of the experimental factors were similar for growth rate (Figure 
6.4), with temperature showing the greatest effect, followed by salt and pH. The 
level of KNO2 did not appear to have any major effect on growth rate. Similar data 
were reported by DoBmann et al. (1996) who evaluated growth of LAB in relation to 
fermented sausages. Nitrite at 0.2 gl'1 (200ppm) did not have any significant effect 
on the organisms tested, whilst salt and temperature showed large inhibitory effects.
Figure 6.3. Main effects plot for logio lag time for the meat spoilage organisms 
showing mean lag time values for each level of temperature, salt, pH and KN 02
Temperature (°C) Added salt (%w/v) pH KN02 (ppm)
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Figure 6.4: Main effects plot for growth rates from the meat spoilage organisms 
showing mean growth rate for each level of temperature, salt, pH and KN02
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6.3.3 Performance of predictive model
The coefficients derived from the model fitting are shown below (Table 6.2).
Table 6.2. Coefficients from the meat spoilage model
Coefficients Ln p (growth 
rate)
Ln C ( log 
increase)
Ln X (lag time)
Constant -14.4 -2.79 11.0
Temperature (Temp) 0.512 8.509E-02 0.313
NaCl -0.376 -0.161 0.560
pH 2.61 1.16 -2.83
Nitrite -4.253E-03 1.688E-03 -8.270E-03
Temp * Temp -9.788E-03 -2.582E-03 -1.092E-02
Temp * NaCl 1.109E-02 5.022E-04 -9.685E-03
Temp * pH -2.959E-02 -2.730E-03 -9.590E-03
Temp * Nitrite 8.346E-05 -4.524E-05 2.932E-05
NaCl * NaCl -1.009E-02 4.508E-04 1.454E-02
NaCl * pH 2.029E-02 1.869E-02 -3.378E-02
NaCl * Nitrite 1.044E-04 -1.702E-05 2.023E-04
pH * pH -0.166 -8.389E-02 0.190
pH * Nitrite 4.021E-04 -3.967E-04 1.343E-03
Nitrite* Nitrite 1.882E-06 2.662E-06 1.222E-06
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The quadratic model showed a good overall fit to the data with an R2-adj of 0.89.
Figure 6.5 a to e shows the predicted values for lag time, growth rate, Li, L2 and L3 
respectively plotted against those observed in broths.
Figure 6.5 a-e: Graphical comparisons of predicted versus observed growth 
parameters for all conditions evaluated during production of the predictive 
meat spoilage model
a) lag time
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It is apparent that the agreement between predicted and observed lag time and growth 
rate was poor whilst that for Li, L2 and L3 was much better. This is demonstrated by 
the Bf, Af and correlation coefficients calculated for these data (Table 6.3).
Table 6.3: Performance of meat spoilage model for predicting various growth 
parameters as determined by accuracy (Af) and Bias (Bf) factors.
Growth parameter Performance measurement
Afa Bfb R2c
Lag time (X) 2.26 0.48 0 .0 0 1
Growth rate (p) 2.03 0.82 0.286
Li 1.29 0.89 0.874
l 2 1 .2 2 0.91 0.847
l 3 1.29 0.81 0.804
a Accuracy factor;b Bias Factor;c Pearsons correlation coefficient; Li, 1 log increase 
in cell numbers; L2, 2 log increase in cell numbers; L3, 3 log increase in cell 
numbers
Mellefont et al (2003), stated that when assessing models for goodness of fit based 
on bias factors, the following criteria may be used:
Bf 0.9 to 1.05 is good
Bf 0.7 to 0.9 and 1.05 to 1.15 is acceptable
Bf <0.7 or >1.15 is unacceptable.
For the accuracy factor, the error in growth rate predictions is assumed to be 
approximately 10% for each independent variable studied (Ross et al. , 2000). 
Therefore, the best performance that may be expected for a kinetic model including 
pH, aw, temperature and nitrite would be 40% error, which equates to an Af of 1.4. 
For the meat model, all categories of prediction had a Bf of less than 1 (Table 6.3),
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which shows that the model predictions were shorter than those observed in broths, 
i.e. the model was fail-safe. For growth rate and lag time, the accuracy factors were 
worse than the 1.4 that could be expected from a model of this type whilst for 
predictions of time to Li, L2  or L3 , the accuracy was good in all cases.
6.3.4 Food verification results
Values for three parameters (lag time, Li and L3) were predicted from the model and 
compared with data observed in food studies (Table 6.4). The agreement between 
these data was determined using Pearson’s correlation coefficient (Minitab Statistical 
Software for Windows 95/98/2000,13.32) and the Afand Bf indices as previously 
described. For lag time, there was a poor linear relationship between the data (R2= 
0 .2 2 ) and graphical analysis of the data (not shown) demonstrated that the worst 
agreement between predicted and observed values was at 2°C where the model was 
very fail-safe. The data for 2°C were removed from the analysis and the correlation 
between predicted and observed lag time, although still not good, was improved (R 
= 0.54). It was concluded that the model should not be used for predictions of lag 
time alone.
It was apparent that growth was very slow at 2°C with some conditions having a 
long lag phase. Ross et al. (2003) also found larger errors in predictions for E.coli 
under conditions close to the boundary for growth where predicted values of growth 
were 14 times longer than observed.
To determine the phase in the growth curve, at which the meat spoilage model 
became sufficiently reliable for use, the differences between the predicted times for 
Li and L3 and those observed in foods, were evaluated. There was a good 
relationship between the observed and predicted data (r = 0.88, 0.94 respectively) 
and the Bf showed that there was little bias in the model predictions (Bf = 0.924, 
0.954 respectively).
The Af showed that the predicted values differed from the observed values by a 
factor of 1.4 or 40%, which is good compared with other published literature (Table 
6.5) and within the accuracy expected for this type of model (Mellefont et al., 2003).
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Table 6.4: Predicted growth parameters and those observed from inoculated 
food studies
Food pH salt
(%w/v)
Temp°C Lag (A 
Ob°
)(h)
Pred
Lia(h)
Ob Pre
L3b(h)
Ob Pre
Cooked 6 .1 2 .0 2 104 7.6 109 61.4 272 291
chicken 8 27 16 39 38.2 69 73
12 10 17 19 27 41 46
2 2 4 4.5 7.5 15 17 33
Ham 6 .2 1.87 2 85 7 226 52 317 267
8 8 6 14.4 92 33 1 1 0 69
12 8 15.4 15 24 42 44
2 2 5 4 18 13 37 32
Chicken 6.3 1.81 2 44 6.3 81 57 236 250
roll 8 40 13.7 53 35 62 6 6
12 9 14.1 17 26 49 41
2 2 6 3.6 13 13 24 32
Beef 6 .6 2 .0 2 184 6 98 52 376 231
8 44 13 56 32 65 63
12 21 13 26 23 63 40
2 2 12 3.2 14.5 14.5 34 34
Raw 6 .6 0.5 2 2 0 3.5 30 32 83 168
chicken 8 5 11 14 2 1 38 47
12 4 13 10 16 28 32
2 2 1 4 5 14.5 16 33
a 1 log increase in cell numbers; 3 log increase in cell numbers;c observed value 
from food studies; d value predicted from the meat model.
108
6.3.5 Success of modelling approach
This study set out to determine whether it was possible to develop a successful 
predictive model for a complex group of microorganisms as affected by four 
environmental factors. This work has shown that it is possible to do this and achieve 
predictions as reliable as those for single species models, when compared with 
published literature (Table 6.5) and indices of acceptable model performance (Ross, 
1999, Mellefont et al., 2003).
Assessment of the predicted and observed factors has shown interesting trends of the 
model. As with other studies, the lag time was found to be the least reliable 
parameter, giving predictions that were on average 50% shorter than observed 
values. Augustin and Carlier (2000) found that predictive models were half as 
accurate for predicting lag time of L. monocytogenes than growth rate, whilst on 
meat products, the observed lag times for this organism were three-fold longer than 
those predicted from broths (Lebert et al., 1998b).
Delignette-Muller et al (1995) evaluated the accuracy of several polynomial and 
square root models and found that the inaccuracies of lag time prediction ranged 
from 36 to 40%, whilst that for growth rate ranged from 11-36%.
The performance of the model produced in this study for predicting time to achieve 
1, 2 or 3 log increase in numbers was good when judged against suggested 
performance criteria (Mellefont et al. 2003).
McClure et al. (1997) stated that there are two crucial steps to consider during 
evaluation of model performance. First, to ensure that the model accurately 
represents the data from which it was developed and second to compare the model to 
data generated by other laboratories jn  media or foods. In this study, assessment of 
both the original growth data and food verification data has shown the meat spoilage 
model to perform well with Af and Bf values similar to or better than those 
determined in other meat model studies (Table 6.5).
109
Table 6.5: Bias (Bf) and Accuracy (Af) factors for literature data showing the 
performance of predictive models in food verification studies
Organism Model Medium(2) Growth
parameter
Bf Af Reference
Meat spoilage 
organisms
Developed 
in this 
thesis
Meats(2U)
U 0.95 1.40
Data
presented in 
this chapter
E. coli In-house
model3
FMM
PMP
Meat(4y) GTd 1.05
0.93
0.72
1.11
1.15
1.38
Mellefont et 
al (2003)
Lactic acid 
bacteria
In-house
modelb
In-house
model0
Fish(34) GRe 1.14
1.09
1.22
1.19
Koutsouma 
nis et al 
(2002)
Lactobacillus
sake
In-house
model3
Cooked
meats(10)
Lag*
GR
1.26
0.96
1.26
1.26
Devlieghere 
et al (1999)
Listeria FMM & 
PMP
Meats(y2) GR 0.75 1.73 te Giffel 
and
Zwietering
(1999)
L. monocytogenes In-house
modeld
Cured 
meats(4)
GR 1.24 1.97 Seman et al 
(2002)
L. monocytogenes In-house
model3
Prepared
cooked
meats
Lag
GR
1.33
0.97
1.51
1.21
Devlieghere 
et al (2001)
L. monocytogenes In-housei 
modele
Prepared
cooked
meats
Lag
GR
1.03
0.98
1.17
1.16
Devlieghere 
et al (2001)
Pseudomonas In-house
modelb
In-house
model0
Fish(J3) GR 0.93
1.11
1.22
1.17
Koutsouma 
nis et al 
(2002)
Psychrotrophic
pseudomonads
In-house
model3
Chicken
mince^
GR 0.92 1.29 Neumeyer 
et al 
(1997b)
Salmonella In-house
models(53’
C ,f)
Cooked
chicken(21)
Lag 0.75-
1.29
1.1-
1.36
Oscar
(2002)
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Staph, aureus FMM&
PMP
Foods
containing
vegetables
and
chicken(22)
GR
Lag
L3g
0.37
2 .0
2 .2 g
2.67
2 .0
2.32
Walls et al 
(1996)
Staph, aureus In-house Ham GR 1.56- 1.64- Castilleio-
models Turkey GR 6.85 7.12 Rodriguez
(31,e) Chicken GR 0.55-
2.85
1.09-
5.68
1.91-
3.07
1.84-
5.89
et al (2 0 0 2 )
Staph, aureus FMM & 
PMP
Ham, 
Turkey 
& Chicken
GR 2.85-
11.60
3.01-
11.64
Castilleio- 
Rodriguez 
et al (2 0 0 2 )
FMM, Food MicroModel; PMP Pathogen Modelling Program; GT, generation time; 
GR, growth rate; Lag, lag phase; L3, 3 log increase in cell numbers 
a; square root or Ratkowsky model,b, polynominal model;c, Arrhenius model; 
d, linear regression model;e, response surface model;f, hyperbolic model;g, number 
of conditions tested where known
6.4 CONCLUSIONS OF SIGNIFICANCE TO THIS THESIS
(i) It has been shown that it is possible to successfully produce a predictive 
model for a mixed group of sixteen meat spoilage bacteria. This approach has not 
previously been reported for such a large group of organisms over such a wide range 
of environmental conditions.
(ii) Validation and verification data show that predictions obtained from this 
complex microbiological model are as reliable as those obtained from single genus 
models.
(iii) The model can be used to predict time to growth of meat spoilage bacteria 
under conditions of temperature 2 to 22°C; salt 0.5 to 6.5%; pH 4.6 to 7.0; and nitrite 
0 to 240 ppm.
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CHAPTER 7 
EFFECT OF MICROBIAL INTERACTIONS ON GROWTH OF 
A MIXED POPULATION OF MEAT SPOILAGE ORGANISMS
‘To investigate whether the growth of a mixed bacterial cocktail was 
dominated by the fastest individual bacterial group or represented an 
aggregate response of the entire population’
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7.1 INTRODUCTION
Although the significance of microbial interaction is known, many of the existing 
predictive microbiological models are based on single bacterial genera or species. 
This is not representative of the microbial ecology in foods and may give 
misleading predictions when applied to real situations. Growth curves obtained in 
mixed culture may provide a better predictive model for foods (Tamplin, 2 0 0 2 ).
Whilst mixed cultures may be more representative of the microflora of food 
product, consideration must be given to whether growth curves from mixed 
cultures truly represent the growth response of the entire microflora. It has been 
proposed that in a mixed microbial population, the total growth curve is 
representative of the fastest growing organism within the group (McMeekin et al., 
1993) provided the fastest growing organism does not have a longer lag time or 
smaller inoculum level than other strains. If this were the case, then the growth 
response of a mixed cocktail would represent the dominant strain (s) in each 
situation and not necessarily the entire microflora. With time the growth response 
of the whole group would become equal to that of the fastest strain as shown in 
Figure 7.1 and Table 7.1.
Figure 7.1. Example of possible growth of two individual organisms in a 
mixed culture
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113
This hypothesis assumes that the fastest growing strain would remain unaffected 
by the presence of the other organisms and that no competitive effects were 
present. However, interactive behaviour of spoilage bacteria is important in foods 
(Gram et al, 2002) and it is likely to influence the growth and metabolism of all 
individual strains.
Table 7.1. Apparent generation times of a mixed microbial group comprising 
two strains with generation times of 20 minutes (A) and 40 minutes (B)
Time
(min)
cfu/ml of 
A
cfu/ml of 
B
%A %B GT min
0 1000 1000 50 50
20 2000 1414 59 41 26.3
40 4000 2000 67 33 24.6
80 16000 4000 80 20 22.6
100 32000 5656 85 15 21.9
140 128000 11313 92 8 21.0
200 1024000 32000 97 3 20.3
adapted from McMeekin et al. 1993
Previously (Chapter b), a mixed spoilage cocktail was used to develop a 
mathematical model for predicting the shelf-life of meat products under different 
storage conditions. The dominant bacterial group from this cocktail may well 
change under different conditions, e.g. Pseudomonas at chill temperatures and 
LAB at low pH. The implications of this for mixed culture modelling are 
important. If the growth curves obtained under any condition represented only the 
fastest growing strain or microbial group, then it would not be necessary to 
produce mixed culture models. Existing single genera models could be used for 
shelf-life predictions based on microbiological judgement of the organism most 
likely to dominate under the conditions present.
If, however, the growth of the cocktail did not follow that of the fastest growing 
group, but represented an aggregate response of the total microflora, then mixed 
culture modelling is a more valid approach for predictions of product shelf-life.
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The effect of microbial interactions was assessed in two different ways
(i) predictions from the meat spoilage model developed in this thesis, were 
compared with predictions from FORECAST models for Pseudomonas, 
LAB and Enterobacteriaceae over a range of conditions.
(ii) selected growth studies were done where Pseudomonas, 
Enterobacteriaceae and LAB were grown singly, in pairs and as a 
combined inoculum and the growth kinetics compared.
These data would allow conclusions to be made on the value of single genera and 
mixed culture growth studies for predicting shelf-life of food products.
7.2 MATERIALS AND METHODS
7.2.1 Predicted growth curves
Predicted growth curves were obtained from the meat spoilage model {Chapter 6) 
and from individual FORECAST models for Pseudomonas, Enterobacteriaceae 
and LAB under a range of temperature (5°C, 12°C and 22°C), pH (5, 6 and 7) and 
salt levels (0.5, 2, 4, 6%).
For each condition, the model showing the fastest growth curve, i.e. combination 
of shortest lag time, fastest growth rate and quickest time to reach a 3-log increase 
in numbers was ranked as 1 and the slowest as 4.
7.2.2 Inoculated growth trials
7.2.2.1 Experimental conditions
To evaluate the interactions of the different groups of organisms within the meat 
cocktail, growth curves were obtained for single or combined groups of organisms 
under the following conditions:
Temperature added salt (%w/v) pH
22°C 0.5, 4.0 
0.5, 4.0 
0.5, 4.0
6.0
12°C 6.0
5°C 6.0
115
BHIB (100ml) was made for each condition as previously described (see 5.2.2.1) 
and equilibrated to the required temperature prior to inoculation.
7.2.2.2. Preparation of cultures
Each of the sixteen organisms used in the meat spoilage model (Chapter 6) was 
grown separately in 10 ml BHIB incubated at 30°C for 48h. Samples (1 ml) from 
relevant cultures were combined to form three cocktails representing 
Pseudomonas (P), Enterobacteriaceae (E) and LAB (L) (Broch. thermosphacta 
was included with the LAB cocktail). Equal volumes of these cocktails were 
combined to form additional cocktails of two or three groups as shown below:
Pseudomonas and Enterobacteriaceae (PE),
Pseudomonas and LAB (PL),
LAB and Enterobacteriaceae (LE),
Enterobacteriaceae, Pseudomonas and LAB (EPL)
Each cocktail was then inoculated into BHIB, which had been equilibrated to the 
appropriate test temperature, to achieve a final level of approximately 1 0 4 cells per 
ml. Samples (1 ml) were taken at regular time intervals, diluted in MRD and 
enumerated on PCA. This procedure had previously been demonstrated to be 
suitable for enumeration of all meat spoilage bacteria (see 5.3.2.5).
7.2.2.3 Evaluation of growth kinetics
Growth curves were fitted to each set of data using the Gompertz equation (see 
Chapter 6). For each growth curve, the lag time, growth rate and time taken to 
achieve a 3-log (L3) increase in numbers was calculated.
7.3 RESULTS AND DISCUSSION
7.3.1 Evaluation of growth curves from different predictive models
Examples of the predicted growth curves obtained are shown in Figure 7.2 a to c. 
In a few cases the meat model predicted growth curves which were faster than any 
of the individual models (Figure 7.2 a), whilst in other cases (Figures 7.2 b and c)
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the meat curve was often much slower than the fastest individual model. 
Figure 7.2 Predicted growth curves for meat spoilage organisms, 
Pseudomonas, Enterobacteriaceae and LAB
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In the 27 comparisons, the meat cocktail gave the slowest or second slowest 
growth on 18 (67%) occasions (Table 7.2). The data indicate that microbial 
interaction and competition for nutrients may have influenced the growth of all 
bacterial groups within the cocktail and does not support the hypothesis that the 
cocktail is always dominated by the fastest growing group(s).
Table 7.2. Ranks for rate of microbial growth from four different predictive 
models where, 1 = the fastest growth rate (i.e. shortest lag and quickest GR) 
and 4 = slowest growth rate.
Salt (%w/v) pH
1
5°C 
2 3 4 1
12°C 
2 3 4 1
22°C 
2 3 4
0.5 5 P E M L E* p* M L E L P M
6 P E M L E* p* M* L* E L P M
7 P M E L M* p* E* L* E L P M
2.0 5 P M E L P E M L E L P M
6 P M* E* L* E* p* L* M* E L P M
7 p* M* E L M* p* E* L* E L P M
4.0 5 P M L E P L E M E L P M
6 P L M E P E M L E L M P
7 P M L E M P E L E L M P
P= Pseudomonas model, E= Enterobacteriaceae model, L= Lactic model 
M= Meat spoilage model * = growth kinetics very similar
At 5°C, the Pseudomonas model had the fastest predicted growth rate for all 
conditions with the meat model in 2nd or 3rd place. At 12°C there was no clear 
dominant model and for many of the conditions, the growth curves were very 
similar from all four-model types. At the highest temperature of 22°C, there was a 
strong dominance by the Enterobacteriaceae model and the meat model showed
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the weakest growth in the majority of cases.
7.3.2. Inoculated growth studies
7.3.2.1 Evaluation of growth parameters
The growth data from the co-inoculated trials are given in Table 7.3 as growth 
rate (p), lag time (k) and L3 (time for a 3-log increase in numbers). Generally, 
there was a good fit to the growth data (R2 = 0.87 -0.999) for each group of 
organisms under each condition (Table 7.3).
Table 7.3 Growth responses of single and co-inoculated groups of meat 
spoilage organisms
Temp
(°C)
NaCl
(%w/v)
pH Organism
group
Growth
Rate
Lag
Time(h)
l3 R2
5 4 6 P 0.0191 69.1 226.2 0.97
5 4 6 L 0.0330 30.0 120.9 0.99
5 4 6 E 0.0375 155.8 235.8 0.99
5 4 6 PL 0.0544 68.7 123.8 0.96
5 4 6 PE 0.0285 136.8 242.0 0.91
5 4 6 LE 0.0196 35.0 188.1 0.91
5 4 6 EPL 0.0225 56.0 189.3 0.97
5 0.5 6 P 0.1887 56.2 72.0 0.99
5 0.5 6 L 0.0536 2 2 .2 78.2 0.99
5 0.5 6 E 0.0867 48.5 83.1 0.98
5 0.5 6 PL 0.0865 44.7 79.4 0.90
5 0.5 6 PE 0.0618 26.0 74.5 0.94
5 0.5 6 LE 0.0473 13.1 76.5 0.96
5 0.5 6 EPL 0.0602 27.0 76.8 0.94
12 4 6 P 0.0796 56.3 94.0 0.94
12 4 6 L 0.0785 38.0 76.2 0.95
12 4 6 E 0.1218 8 .6 33.3 0.93
12 4 6 PL 0.1181 7.2 32.6 0.99
12 4 6 PE 0.0870 26.5 61.0 0.96
12 4 6 LE 0.1178 0 .0 25.5 0.94
12 4 6 EPL 0.0707 19.0 61.4 0.96
12 0.5 6 P 0.1130 0 .0 26.5 0.87
12 0.5 6 L 0 .1 2 1 1 0 .0 24.8 0.87
12 0.5 6 E 0.1337 0 .0 22.4 0.92
12 0.5 6 PL 0.1213 8 .1 32.8 0.99
12 0.5 6 PE 0.0941 0 .0 31.9 0.99
12 0.5 6 LE 0.1250 4.2 28.2 0.97
1 2 0.5 6 EPL 0.1693 20.3 38.0 0.99
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Temp
(°C)
NaCl
(%w/v)
PH Organism
group
Growth
Rate
Lag
Time(h)
l 3 R2
2 2 4 6 P 0.0927 0 . 0 32.4 0.91
2 2 4 6 L 0.0850 0 . 0 35.3 0.89
2 2 4 6 E 0.5558 2 2 . 1 27.5 0.96
2 2 4 6 PL 0.0927 0 . 0 32.4 0.96
2 2 4 6 PE 0.2185 19.0 32.7 0.99
2 2 4 6 LE 0.2081 19.8 34.2 0.96
2 2 4 6 EPL 0.0967 0 . 0 31.0 0.87
2 2 0.5 6 P 0.1987 0 . 0 15.1 0.99
2 2 0.5 6 L 0.2831 12.9 23.5 1 . 0 0
2 2 0.5 6 E 0.5074 15.8 21.7 0.97
2 2 0.5 6 PL 0.1606 0 . 0 18.7 0.90
2 2 0.5 6 PE 0.2053 0 . 0 14.6 0.95
2 2 0.5 6 LE 0.3087 1 0 . 8 20.5 0.96
2 2 0.5 6 EPL 0.2062 0 . 0 14.5 1 . 0 0
Growth rate - logio cfu/ml/h
The L3 value was used as the main basis for comparison of growth response as it 
is a more useful measure of microbial growth when considering the microbial 
spoilage of food products. In addition, there is often a difference in the fitted 
values for ju and X for any set of microbial data dependent on the fitting routine or 
primary equation used. An example of this is shown below in Figure 7.3, where 
two fitted growth curves are shown for a set of microbial count data.
Figure 7.3. Growth data for the meat spoilage organism at 12°C, pH6.0 and 
0.5%NaCl) fitted by two different sigmoidal equations
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Fit 1 was obtained using the Gompertz equation previously described (Chapter
6). Fit 2 used another sigmoidal curve fitting equation (DMfit) which is based on 
the equation of Baranyi and Roberts (1994) and is part of the system used in- 
house at the Institute of Food Research, Norwich to model the time-variation of 
the logarithm of cell concentrations of bacterial batch cultures. The DMfit 
program was kindly supplied by Dr Jozsef Baranyi.
The main difference between the two models is that DMfit fits the middle of the 
exponential growth phase as very close to linear, unlike the Gompertz curve 
which has a pronounced curvature over this region. The choice of model will 
depend to some extent on the data set being fitted, but the two will often describe 
the lag phase transition differently and thus the growth rate will also be different.
Both equations produced a good fit to the data (Fit 1 R2 =0.99, Fit 2 R2 = 0.96). 
Comparison of fitted values for X and p (Table 7.4) suggested that the overall 
growth kinetics of the two curves were different, although this was not the case 
for the L3 value calculated using the equation L3 = [(3/p) + A,].
Table 7.4 Growth kinetics of a bacterial growth curve fitted using 2 equations
Equations p (log cfu ml 1 h'1) X (h) L3(h)
Gompertz 0.1932 20.25 35.8
(Fitl)
Baranyi 0.0879 0.00 34.1
(Fit2)
7.3.2.2 Effect of environment on growth kinetics
For all groups of organisms, the L3 values were affected by the environmental 
condition. The longest L3 was obtained for 5°C/4% NaCl for all groups and the 
shortest for 22°C/0.5% NaCl. The effect of temperature and NaCl varied for the 
different organism groups. As may be expected, Pseudomonas seemed least 
affected by low temperatures and most affected by higher NaCl levels. 
Conversely, Enterobacteriaceae were most affected by low temperature and least
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affected by NaCl.
7. 3.2.3. Effect of microbial interaction
The relationship between the growth responses of the total meat spoilage cocktail 
and the single groups varied dependent on condition. On one occasion the meat 
spoilage group (EPL) had the shortest L3 value (22°C/0.5%NaCl), but in all other 
cases, it was neither the longest nor shortest group but represented more of an 
aggregate growth response (Figure 7.4)
Figure 7.4. Growth of four groups of organisms at 12°C and 4%(w/v) NaCl 
showing observed counts and fitted growth curves
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It was evident that the mixed cultures were affected by microbial interaction, but 
these effects were not consistent for any combination of groups. For example, at 
12°C, 4% NaCl the L3 value for the PL combination (32h) was shorter than either 
of the individual groups (for P [L3 =94h] and L [L3=76h]). This could be 
indicative of interactive behaviour (mutualism), where growth of the mixed 
culture is enhanced compared with the individual groups. In other cases (12°C, 
0.5% NaCl), the L3 value (32.8h) for PL was longer than either individual group 
(P=26.5, L=24.8) suggesting antagonistic or competitive effects.
Pseudomonas species have been shown to enhance the growth of co-inoculated 
species under certain conditions (Marshall et al. 1998, Quinto et al. 1998) but
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inhibit growth under other conditions (Thomas and Wimpenny, 1996). LAB have 
also been shown to be inhibitory to other meat spoilage organisms (Metaxopoulus, 
2002). It is apparent that in the meat spoilage cocktail, there are interactive 
effects that reduce the growth rate of the whole compared with the fastest growing 
group of organisms. Due to the number of different species involved, it is difficult 
to distinguish which effect occurs in any circumstance. Fredrickson (1977) stated 
that populations often interact in more than one way, even in laboratory studies. 
Two populations may simultaneously compete for a common substrate whilst the 
first may produce an extracellular substance which enhances the growth of the 
second.
According to Boddy and Wimpenny (1992), most studies have considered 
interactions between two species only, whereas interactions usually occur between 
numerous species and often simultaneously. The data from this study 
demonstrated that when sixteen different organisms are grown together, there are 
indications of a range of competitive effects, e.g. antagonism, commensalism and 
mutualism. The primary effects appeared to be to reduce the rate of growth as 
determined by L3 values. Other studies on microbial interactions have shown that 
there is often a suppression of the maximum population obtained for the weaker 
strains within a mixed culture (Buchanan and Bagi, 1997; 1999).
In order for microbiological models to be applicable to food products, they need 
to be produced under situations, which are as close as possible to those found in 
foods. They should therefore contain a mixed population of organisms that will 
grow together and exert competitive and other interactive effects. It has been 
proposed that in a mixed culture, the growth of the whole closely matches that of 
the fastest growing strain(s). This has not been shown to be the case here, where 
the growth of the combined cocktail of meat spoilage organisms was generally 
slower than the fastest growing group when tested separately.
No attempt was made in this study to model the interactions observed, but simply 
to analyse the differences between single and co-inoculated growth. This approach 
was previously taken by Pin and Baranyi (1998) who concluded that a
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mechanistic approach to describe the interactive effects of such a mixed culture 
would require a complex mathematical model which may involve twenty two 
differential equations for two to five microbial species competing for a common 
limiting substrate.
It has been shown however, that using growth data generated from mixed 
microbial cultures is a valid approach for development of predictive models in 
relation to food spoilage. Previously it has been demonstrated that mixed culture 
models are as reliable as single genera models (Chapter 6) and this chapter has 
shown that mixed culture growth data are able to account for interactions that 
occur within the total microbial population.
7.4 CONCLUSIONS OF SIGNIFICANCE TO THIS THESIS
(i) Conventional beliefs would suggest that the growth rate of a mixed 
population would evolve to assume the rate of the fastest strain. If this was the 
case then the growth kinetics of a meat spoilage model, developed from three 
microbial groups (Enterobacteriaceae, Pseudomonas and LAB) should be equal to 
the fastest growth rate of any of the groups grown individually. This was not 
shown to be the case.
(ii) Predicted growth curves for the combined meat spoilage cocktail were 
often slower than predicted curves from any of the three individual groups. This 
was also shown to be true in co-inoculated laboratory studies.
(iii) The meat spoilage cocktail generally demonstrated an average growth 
response of the microbial population to the different environmental conditions. 
Mixed cultures can therefore be successfully used in development of predictive 
microbiological models for food spoilage organisms, as they are able to account 
for different interactions likely to be present in a typical food associated 
microflora.
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CHAPTER 8 
EFFECT OF MICROBIOLOGICAL VARIATION ON 
SHELF-LIFE ASSESSMENT AND PREDICTIVE 
MICROBIOLOGICAL MODELS
‘ To assess the variation in microbial growth response at optimal and extreme 
environmental conditions and determine the implications for shelf-life studies 
and predictive microbiological models ’
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8.1 INTRODUCTION
Microbial growth data are subject to natural variation and studies used to determine 
product shelf-life based on growth of spoilage organisms should meet the 
requirements for sample replication and reproducibility. However, recommendations 
for suitable replication are scarce and it is apparent that for a wide range of food 
products, reported shelf-life assessments are based on testing a single batch of each 
product with only single or duplicate samples at each time point (see 1.2.6).
Adequate replication is essential to the assessment of the microbial growth response 
as there will inevitably be some variation in the observed kinetics when a set of 
experimental conditions is replicated, particularly under conditions in which micro­
organisms will be under stress (Blackburn, 2000; McClure et al., 1994).
Data for different strains of Salmonella (Oscar, 2000) and Listeria species (Barbosa 
et al. 1994; Begot, et al. 1997) show that there can be considerable variation in 
measurements of microbial growth, particularly lag time; furthermore, this is 
exacerbated at extreme environmental conditions. Robinson et al. (2001) recently 
studied the variation in lag time for L. monocytogenes from 64 replicate trials where 
the inoculum level was 1-2 cells. At optimum conditions the lag time ranged from 
11-13 h, a difference of approximately 5 generation times, yet at the most extreme 
conditions, the lag time was 74-193 h (a difference of 22 generation times).
Several factors can contribute to this variability, e.g. slight differences in pH value, 
growth phase of the organisms or interactions between different groups of organisms. 
In food products, there may be an extreme combination of environmental conditions; 
in addition, there will be a complex interaction of different microbial groups 
competing for available nutrients. Whilst some data are available to demonstrate the 
likely variation in food pathogens, there are few for food spoilage organisms. The 
aim of the work described here was to evaluate the variation in microbial growth 
kinetics of a mixed group of meat spoilage organisms over a range of optimum and 
more stressful environmental conditions representative of food environments.
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The study was planned in two separate stages. Firstly, the effect of microbial 
variation on empirical growth data would be evaluated in order to demonstrate the 
implications for shelf-life studies or challenge tests (section 8.2).
Secondly, predictive models would be developed to determine whether the 
predictions obtained varied substantially when the models were produced using the 
different replicates (section 8.3). Two different sets of conditions (harsh and mild) 
would be evaluated to determine whether variations in model predictions were 
influenced by the inclusion of data from extreme environmental conditions.
The data generated would give a greater understanding of the effects of microbial 
variability at the boundaries for growth and the implications for assessment of 
product shelf-life will be discussed.
8.2 EFFECTS OF VARIATION ON EMPIRICAL GROWTH DATA
8.2.1 Materials and methods
8.2.1.1 Organisms
The sixteen meat spoilage organisms used in production of the meat model were used 
as a cocktail as previously described (iChapter 6).
8.2.1.2 Experimental design
Thirty two different combinations (Table 8.2) of pH, temperature, sodium chloride 
(NaCl) and potassium nitrite (KNO2) were evaluated in these studies covering the 
following range of parameters:
pH: 4.6, 6.0, 7.0 
added NaCl (% w/v): 0, 2, 6 
Temperature (°C): 8, 15,22, 25 
KN02 (ppm): 0,100,200.
The aim was to study conditions which ranged from optimal for growth to those 
which caused some inhibition of growth.
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8.2.1.3 Inoculation of growth medium
BHIB was prepared for each condition, in 100ml amounts, as previously described 
(see 5.2.2.1) and equilibrated to the test temperature.
Prior to each experiment, the meat spoilage organisms were cultured in 10 ml BHIB 
incubated at 30°C for up to 5 days. Equal volumes (1 ml) from each culture were 
combined to form a cocktail and this was then diluted to achieve a level of 1 0 4 -  1 0 5 
cells per ml. Samples of BHIB for each condition (100 ml) were inoculated with the 
meat spoilage cocktail to achieve a final level of approximately 10  per ml and 
reincubated at the appropriate temperature.
8.2.1 A  Evaluation o f growth kinetics
Growth curves were obtained for each of the thirty two conditions in triplicate. 
Samples (1 ml) were taken from the broths at regular time intervals and diluted in 
MRD. Duplicate samples from each dilution were analysed for three different 
groups of organisms: Total Viable Count (TVC), Enterobacteriaceae and LAB using 
standard methods (Chapter 2). Lines were fitted to each growth curve using the 
Gompertz equation (see Chapter 6) and the time taken to achieve a 1-log (Li) and a 
3-log (L3) increase in numbers was calculated. Data was not collected for 
Pseudomonas spp. as preliminary investigations showed that this organism did not 
grow well under the more extreme conditions of high salt or low pH and therefore 
data could not be collected for all thirty-two conditions.
The objective of these studies was to determine whether the variation seen in the 
microbial growth response depended on the harshness of the environmental 
condition. To do this, the thirty two conditions needed to be ranked in terms of their 
severity. This was done by using existing predictive models to predict the time (h) 
for a 3-log increase in numbers. The times were placed in ascending order and the 
condition with the shortest predicted time classed as rank 1 and that with the longest 
predicted time as rank 32. The meat spoilage model developed in Chapter 6  was used 
to rank the conditions for the TVC data, whilst Enterobacteriaceae and LAB models 
contained within the FORECAST system were used for these two groups (Table 8.1).
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Table 8.1. Environmental conditions and ranking positions
Temp
(°C)
Salt
(%w/v)
pH Nitrite
(ppm)
Enterobacteriaceae 
L3 rank
LAB 
L3 rank
TVC 
L3 rank
8 0 4.6 0 107.5 25 270.4 27 143.5 25
8 0 4.6 200 107.5 26 270.4 28 173.0 29
8 0 7 0 67.2 23 90.6 25 44.8 19
8 0 7 200 67.2 24 90.6 26 49.5 20
8 6 4.6 200 >2000 . 32 1695.0 32 1062.0 32
8 6 4.6 0 >2000 31 1695.0 31 989.0 31
8 6 7 200 414.0 30 326.0 30 200.0 30
8 6 7 0 414.0 29 326.0 29 172.0 28
15 0 6 0 13.4 9 27.9 13 38.8 14
15 0 6 100 13.4 10 27.9 14 32.4 4
15 0 7 100 21.1 18 27.9 15 28.5 2
15 0 7 0 21.1 19 27.9 16 28.5 1
15 2 6 0 19.2 15 28.4 17 42.1 16
15 2 6 100 19.2 17 28.3 18 44.5 18
15 2 7 0 24.9 20 28.4 19 34.2 7
15 2 7 100 19.2 16 28.4 20 44.5
22 0 4.6 200 11.5 6 18.3 11 87.3 24
22 0 4.6 0 11.5 7 18.3 12 57.6 22
22 0 7 200 13.4 12 16.9 5 38.5 13
22 0 7 0 13.4 8 16.9 6 36.9 10
22 6 4.6 200 188.6 27 79.2 24 163.7 27
22 6 4.6 0 188.6 28 79.2 23 152.9 26
22 6 7 200 26.8 21 40.7 21 76.0 23
22 6 7 0 26.8 22 40.7 22 51.6 21
25 0 6 0 7.7 2 17.1 9 31.4 3
25 0 6 100 13.4 11 17.1 10 32.4 15
25 0 7 0 13.4 13 17.1 7 36.9 8
25 0 7 100 13.4 14 17.1 8 33.4 5
25 2 6 0 7.7 1 15.6 1 34.8 6
25 2 6 100 7.7 3 15.6 2 36.4 9
25 2 7 0 11.5 4 15.6 3 38.3 11
25 2 7 100 11.5 5 15.6 4 38.8 12
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8.2.2 RESULTS and discussion
8.2.2.1 Variation in empirical growth data
Examples of the replicate fitted growth curves are shown for Enterobacteriaceae 
under an optimum condition (Figure 8.1) and an extreme condition (Figure 8.2).
Figure 8.1: Growth of Enterobacteriaceae at 15°C and pH 7.0 (mild conditions) 
(data show triplicate data sets and their fitted growth curves)
10
'w8
6
4O)
2
0
25 50 1000 75
T i m e ( h )
Figure 8.2: Growth of Enterobacteriaceae at 8°C and pH 4.6 (harsh conditions) 
(data show triplicate data sets and their fitted growth curves)
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It is apparent that there is more variation in growth characteristics under the extreme 
condition. This trend was similar for all three microbial groups and the divergence in 
the growth curves obtained increased as the harshness of the environment increased.
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This can be seen in Appendix HI, which contains the triplicate growth curves for all 
conditions evaluated for TVC, Enterobacteriaceae and LAB. Analysis of the growth 
data showed there was a wide range of Li and L3 values obtained for the thirty-two 
conditions. Data are given for LAB (Table 8.2), where the shortest mean Li was 8.4 
h (25°C/0.5% NaCl/pH 6.0/0 ppm KNO2), and the longest was 169 h (8°C/6.5% 
NaCl/pH 4.6/200 ppm KN02).
Table 8.2. Li and L3 values for LAB under 32 environmental conditions
Temp
(°C)
NaCl
(% w/v)
pH KN02
(ppm)
Rank Li or L3 Tim e (h) M ean tim e  
(COY)R ep l R ep2 Rep3
8 0 4.6 0 25 Li 31.2 43.1, 181.1 85.1 98)
l 3 82.6 93.7, 201.4 125.9 52)
8 0 4.6 200 26 Li 52.9 146.1, 176.1 125 51)
l 3 85.8 181.1, 197.4 154.7 39)
8 0 7 0 17 Li 12.2 19.3, 54.0 28.5 78)
l 3 36.7 42.1, 161.9 80.2 88)
8 0 7 200 20 Li 21.7 87.0, Not 54.3 85)
U 43.7 186.1, tested 114.9 88)
8 6 4.6 0 32 Li 53.3 190.9, Not 122 80)
u 69.7 203.3, tested 136.5 69)
8 6 4.6 200 31 u 143.8 194.9, Not 169.4 21)
u 146.5 202.9, tested 174.7 23)
8 6 7 0 27 u 75.3 79.3, 179.5 111.4 53)
l 3 152.0 177.3, 205.4 178.3 15)
8 6 7 200 30 Li 60.7 192.0, Not 126.3 73)
l 3 182.1 194.5, tested 188.3 5)
15 0 6 0 13 Li 9.7 17.4, 22.9 16.7 40)
l 3 26.5 29.3, 34.2 30 13)
15 0 6 100 14 U 21.2 22.0, 24.1 22.4 7)
u 26.8 32.2, 39.3 32.8 19)
15 0 7 0 1 u 11.8 14.3, 14.7 13.6 11)
L3 24.1 24.1, 25.7 24.6 4)
15 0 7 100 5 Li 12.6 15.1, 20.5 16.1 25)
l 3 26.3 28.0, 34.3 29.5 14)
15 2 6 0 22 Li 16.3 18.2, 21.6 18.7 14)
l 3 33.1 34.5, 35.6 34.4 3)
15 2 6 100 23 Li 25.8 27.4, 28.0 27.0 4)
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Temp
(°C)
N aC l
(% w/v)
PH k n o 2
(PPm)
Rank Li or L3 T im e (h) M ean tim e  
(CO V)R ep l R ep2 Rep3
l3 38.0 42.1, 43.2 41.1 (7)
15 2 7 0 15 Li 14.7 16.4 17.0 16 (7)
l 3 32.3 32.8 32.9 32.6 (1)
15 2 7 100 16 Li 16.5 19.3 21.0 18.9 (12)
l 3 37.3 38.4 38.8 38.2 (2)
22 0 4.6 0 24 Li 16.8 20.9 121.1 53 (112)
l3 27.2 33.1 126.6 62.3 (90)
22 0 4.6 200 21 Li 20.3 29.8 50.2 33.4 (46)
l3 27.6 43.3 67.9 27.6 (74)
22 0 7 0 11 Li 5.3 5.9 17.7 9.6 (73)
l3 14.0 15.7 22.6 14 (32)
22 0 7 200 3 L! 5.1 6.4 17.7 9.7 (71)
l3 15.4 19.1 22.6 15.4 (23)
22 6 4.6 0 29 Li 34.6 51.9 58.2 48.2 (25)
l3 103.8 106.5 117.8 109.4 (7)
22 6 4.6 200 28 Li 54.2 56.8 167.1 92.7 (69)
l3 61.9 96.4 282.6 147 (81)
22 6 7 0 19 Lx 13.7 20.9 28.5 21 (35)
l3 27.8 28.1 40.3 31.9 (23)
22 6 7 200 18 Li 27.6 88.9 Not 58.3 (74)
l3 43.4 94.6 tested 69 (52)
25 0 6 0 4 Li 6.1 6.5 12.5 8.4 (43)
U 10.2 11.5 14.5 12.1 (18)
25 0 6 100 2 U 12.3 15.3 33.5 20.4 (56)
l3 14.3 17.3 100.4 44 (111)
25 0 7 0 10 u 9.7 12.9 26.1 16.2 (54)
u 11.7 14.9 78.4 34.9 (108)
25 0 7 100 6 u 5.9 7.4 13.2 8.8 (44)
u 11.0 12.1 15.5 12.9 (18)
25 2 6 0 9 u 6.9 9.4 9.7 8.6 (17)
u 12.2 14.0 14.2 13.5 (7)
25 2 6 100 7 u 9.9 14.1 15.5 13.2 (22)
u 13.9 16.9 18.0 16.3 (13)
25 2 7 0 12 u 8.9 11.9 14.0 11.6 (22)
u 12.7 15.0 16.5 14.7 (13)
25 2 7 100 8 Li 7.1 8.02 8.2 7.8 (8)
l 3 13.0 13.7 13.8 13.5 (4)
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It was evident that the variation in Li and L3 was higher for more extreme conditions. 
For the trials at 8 °C the maximum L3 was on average 3.5-fold higher than the 
minimum L3 , whereas for trials at 15°C, there was only a 1.4 fold difference between 
the maximum and the minimum values.
The repeatability of Li and L3 values was worse at lower temperatures where the 
growth was generally slower. Mean coefficient of variation (COV) [SD/mean x 100] 
values as low as 11% (range l%-40%) were observed for LAB at 15°C whilst at 8 °C, 
the mean COV was 57% (45%-98%). Similar trends have been observed in other 
studies on microbial variation. For Salmonella (Fehlhaber and Kruger, 1998), the lag 
time had a COV of 2066% at 7°C, which was the borderline for growth of this 
organism.
To assess the variation in microbial data as affected by environmental condition, the 
observed L3 values were plotted against the thirty two conditions in order of rank of 
severity using the Minitab graph function. This is shown in Figure 8.5a for TVC and 
in Figures 8 .6 a and 8.7a for LAB and Enterobacteriaceae.
These graphs show a low variation for the mild conditions and a high variation for 
the harsh conditions. Whilst these data give a good visual indication of the effect of 
microbial variation, they are slightly misleading. The thirty-two ranks have been 
equally spaced on the x-axis, however, the data in Table 8.2 show that for the first 
twenty-two ranks, the predicted values only cover a range of 2 0  hours whereas the 
final ten ranks cover a range of several hundred hours. In order to obtain a more 
accurate assessment of the effect of severity of condition on microbial variation, it 
was necessary to transform the x-axis to give a scale which was representative of not 
only the position, but also the magnitude of the rank.
Application of kinetic modelling techniques is based on the assumption the data are 
normally distributed and have a variance which is independent of the mean values 
(Ratkowsky et al 1996). There are several publications which give consideration to 
variance-stabilising data transformations and discuss the significance of choosing the 
correct transformation (Alber and Schaffner, 1992; McMeekin et al. 1993;
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Schaffner, 1998; Zwietering et al. 1994 ). Failure to do this could result in 
misleading conclusions.
In order to assess whether the L3 data met these criteria, they were analysed using 
Minitab (Minitab Statistical Software for Windows 95/98/2000, 13.32). It can be 
seen (Figure 8.3a and b) that the L3 data were not normally distributed and the 
variance of the data had a tendency to increase with the magnitude of the x-axis 
values.
Figure 8.3 Normality and Variance Plot for L3 Enterobacteriaceae
a) Normality plot b) Variance plot
.999
.99
.95
&  on
-O
CD_QO
L_
.50
.20
.05
.01Q_
.001
100 200 300 4000
Predicted T1000
10000
100 200 300 400
Predicted T1000 (h)
The data therefore needed to be transformed before further analysis could be done. 
There are many data transformations, which have been suggested for use in 
normalising microbiological data. Alber et al. (1992) used a natural log 
transformation for growth rate analysis, whereas Zwietering et al. (1994) used a 
square root transformation for growth rate and a logarithmic transformation for lag 
time studies.
Various transformations of the L3 values for Enterobacteriaceae, TVC and LAB were 
evaluated and it was concluded that a logio transformation was suitable for use as the 
logio data had a normal distribution, and variance was not dependent on the 
magnitude of the data (Figure 8.4).
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Figure 8.4 Normality and Variance Plot for Logio L3 Enterobacteriaceae
a) Normality plot b) Variance plot
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The logio L3 values observed in this study were re-plotted against logio predicted 
values for each of the 32 ranks as shown in Figures 8.5b, 8 .6 b and 8.7b for TVC, 
LAB and Enterobacteriaceae respectively and show a high level of variation between 
the replicates as the harshness of the condition increased. Linear regression lines 
with 95% prediction intervals (PI) were fitted to these data as shown in Figures 8.5c, 
8 .6 c, and 8.7c, and it can estimated from these graphs that the Pis for TVC, 
Enterobacteriaceae and LAB are ± 0.65 logs, ± 0.67 logs and + 0.5 logs respectively. 
These values can be used to estimate the likely range of values for any predicted L3 
value.
In order to demonstrate this, theoretical predictions of L3 values ranging from 10 to 
500 hours have been plotted in Figure 8 . 8  for LAB and the likely range of values 
have been plotted based on the PI. For low L3 values, the range of likely values was 
small, however as the L3 increased, there was a large effect. For example, an 
estimated L3 of 300 h (12.5d) could be as high as 1000 h (4Id) or as low as 80 h 
(3.3d). The impact of this variation for the food producer can be immense.
If laboratory studies done on a single occasion were used to set the shelf-life of the 
product, then the data produced could be overly fail-safe or fail-dangerous. It should 
be ensured that sufficient replication is built into the testing protocol to allow for 
evaluation of repeatability in times to growth.
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Figure 8.5 Replicate L3 and Log i0 L3 data for TVC
a) Replicate L3 data for TVC against severity of treatment 
based on a 32-scale ranking system
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Figure 8.6 Replicate L3 and Logio L3data for lactic acid bacteria
a) Replicate L3 data for lactic acid bacteria against 
severity of treatment based on a 32-scale ranking system
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Figure 8.7 Replicate L3 ad Logio L3 data for Enterobacteriaceae
a) Replicate L3 data for Enterobacteriaceae against severity of th 
treatment based on a 32-scale ranking system
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c) Regression Plot for observed versus predicted Log 10 L3 for 
Enterobacteri aceae
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Figure 8.8 Likely range of predicted L3 values for LAB caused by variations in 
microbial growth data
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8.3 EFFECT OF MIICROBIAL VARIATION ON PREDICTIVE MODELS
8.3.1 Materials and methods
The growth data obtained in 8.2 were used to produce predictive microbiological 
models. The experimental design was chosen to evaluate whether models produced 
from replicate data sets showed substantial variation in their predictions and whether 
this was influenced by the harshness of the environmental conditions.
5.3.1 A Experimental design
The thirty two conditions evaluated in 8.2 were divided into two different sets: a 
‘mild’ group where the conditions were all expected to be conducive to growth, and a 
‘ harsh’ group which included some conditions that were expected to be inhibitory 
to, but not prevent growth (Table 8.3).
Table 8.3. Experimental conditions for the ‘harsh’ and mild groups
Harsh Group Mild Group
Environmental Factor Level 1 Level 2 Level 1 Level 2
pH 7.0 4.6 7.0 6 . 0
added NaCl (% w/v) 0 6 0 2
Temperature (°C): 2 2 8 25 15
KNO2 (ppm): 0 2 0 0 0 1 0 0
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8.3.1.2 Development of predictive models
Predictive models were produced from the growth data using the single stage fitting 
routine previously described (Chapter 6). The effects of the individual factors pH 
(P), temperature (T), sodium chloride (S) and KNO2 (N) and all 2-way interactions 
were considered giving models with coefficients for P, T, S, N, PT, PS, PN, TS, TN 
and SN.
For each microbial group (TVC, LAB, and Enterobacteriaceae) and each set of 
conditions (mild or harsh), the predictive model was fitted to the data in two ways.
(i) Type 1: The model was fitted to each of the three replicate sets separately.
(ii) Type 2: The model was fitted to the combined data from all three replicates.
For each of the three microbial groups under both harsh and mild conditions, there 
were therefore 4 models: Type 1 replicate A, Type 1 replicate B, Type 1 replicate C, 
Type 2 replicates A+B+C.
8.3.1.3 Assessing the effects o f replication on predictive models
If the three replicate data sets obtained for each group were similar, then it would be 
expected that the models produced from them would also be similar. Furthermore, a 
model developed from the three data sets added together could also be expected to be 
similar to the individual models and show small errors on predicted values.
Conversely, if there was a high level of variation between the three replicate data 
sets, it could be expected that the models produced from each set would be different. 
Therefore a model developed from all three sets added together would also be 
different from the individual models and show larger errors.
To determine which of the above situations was true, statistical analysis was done to 
test the null hypothesis that there were no differences between the replicate data sets, 
and therefore combining the models did not increase the errors in predictions. For 
this analysis, a set of three Type 1 models was considered to be a single model, 
which was “unrestricted” in that the model coefficients were allowed to vary 
between replicates, i.e. three different sets of coefficients were produced. The
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corresponding Type 2 model was equivalent but “restricted” in that the model 
coefficients were not allowed to vary between replicates and only one set of 
coefficients was produced.
If the fitted models for the different replicates were substantially the same, then such 
a restriction would not cause a substantial reduction in goodness of fit. However, if 
the models fitted to the replicates were different, the magnitude of the differences 
could be assessed by the reduction in goodness of fit achieved.
The Chow test (Chow, 1960) for structural change was used to calculate an 
F  statistic which compared the increase in residual sum of squares caused by the 
restriction with the residual sum of squares from the unrestricted model, taking into 
account the degrees of freedom.
df = degrees of freedom 
A worked example is shown in the section 8.3.2.1.
8.3.2 Results and discussion
8.3.2.1 Effect o f microbial variation on predictive models
An aim of this work was to determine whether the variation in microbial growth 
kinetics had an impact on predictive models developed from replicate data. Table 8.4 
shows the coefficients for the eight models for LAB (three Type 1 and one Type 2 
model for both mild and harsh conditions).
p  _ (RSS -  RSSU )/restrictions 
~ R SSJ  df
RSS -  RSS, I kk(m - 1))
y  RSSi I {n -km )
where RSS = residual sum of squares from restricted model
RSSU = residual sum of squares from the unrestricted model
RSSi = residual sum of squares from the model fit to group i
m = number of groups (in this case replicates, m= 3)
k . = number of parameters in the restricted model (in this case Af= 33) 
n = total number of data points
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Table 8.4: Coefficients for the LAB models under mild or harsh conditions.
Model
Coefficients ml m2 m3 M hi h2 h3 H
Constant In p -8.56 -3.38 -3.42 -6.18 -10.8 -6.17 -5.34 -5.57
In A, -27.7 15.4 11.5 -6.16 4.70 -41.6 69.2 -6.92
Temp In p 0.276 0.164 0.225 0.176 0.662 0.167 0.204 5.397E-2
In A 1.19 -0.406 -0.119 0.315 7.067E-2 2.16 -1.89 0.531
Salt In p 0.850 0.158 -0.322 0.871 3.58 -0.959 0.873 -7.502E-2
In A 2.08 -1.37 0.855 1.53 0.247 -0.536 -3.80 -1.12
PH In p 0.671 -9.518E-2 -5.575E-2 0.280 0.366 0.492 0.316 0.141
In A -0.126 -1.95 -1.46 -2.69 -0.380 4.72 -14.3 -2.25
n o 2 In p 1.969E-2 1.744E-2 1.087E-2 1.073E-2 1.506E-2 -7.452E-3 2.686E-3 6.675E-3
In A 0.329 5.008E-2 -4.149E-2 0.254 -1.141E-2 2.871E-2 1.073E-2 -9.813E-3
Temp.salt In p -9.191E-3 1.182E-2 -6.56 IE-3 1.158E-2 -6.630E-2 2.053E-2 1.244E-2 -8.576E-3
In A 1.108E-2 2.296E-2 -1.370E-2 -1.007E-2 -1.527E-2 -0.258 6.070E-3 -0.141
Temp.pH In p -1.871E-2 -1.908E-3 -1.370E-2 -3.568E-3 -1.175E-2 -1.752E-2 -1.910E-2 1.906E-2
In A 3.293E-3 5.89E-2 1.771E-2 0.107 -6.237E-3 -0.247 0.404 8.105E-2
Temp. N 0 2 In p -1.153E-4 -4.967E-4 2.303E-4 2.085E-4- -2.020E-3 -2.430E-6 -7.176E-6 -2.982E-4
In A -1.272E-2 -6.352E-4 5.918E-5 9.70 IE-3 -1.024E-4 -1.821E-3 -1.159E-4 -3.291E-3
Salt.pH In p -0.131 -7.63 8E-2 3.168E-2 -0.121 -0.430 6.206E-2 -0.170 -6.235E-3
In A -0.371 0.146 -0.123 -0.198 1.946E-2 0.597 0.804 -0.261
Salt. N 0 2 In p 7.319E-4 2.242E-4 -4.467E-4 -1.419E-4 3.846E-3 2.326E-3 -1.724E-4 2.920E-4
In A 2.96 IE-5 3.075E-3 1.614E-3 -7.144E-4 1.417E-3 2.03 8E-2 4.924E-4 2.119E-2
pH.N02 In p -2.974E-3 -1.738E-3 -1.845E-3 -2.103E3 3.442E-5 1.664E-3 -3.617E-4 -8.478E-4
In A -1.419E-3 -7.047E-3 7.305E-3 -5.669E-4 1.563E-3 2.825E-3 -1.639E-3 -3.406E-3
Fit of model L(ml) L(m2) L(m3) L(M) L(hl) L(h2) L(h3) L(H)
R2 (adj)% 96.0 98.7 98.8 95.6 91.8 97.4 98.3 77.0
s* 0.537 0.236 0.256 0.520 0.538 0.238 0.294 0.926
* standard error of the estimate
m = type 1 (single replicate) model for mild conditions
M = type 2 (combined replicate) model for mild conditions
H = type 1 (single replicate) model for harsh conditions
H = type 2 (combined replicate) model for harsh conditions
The adjusted R2 (R2-adj) is often used (Bharati et al. 2001; Gianuzzi et al. 1998; 
Oscar, 2002) as an overall measure of the fit of a model, representing the proportion
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of the variation in the data (log counts) which is explained by the model. The
adjustment allows for the improvement expected for more complex models as an
artefact of the increased number of parameters. It can be seen that for the mild
conditions, the R2-adj was high for the Type 1 (96-99%) and the Type 2 (95.6%)
models; the restriction imposed by the Type 2 model seemed to have little effect on
<2
the ‘goodness of fit \  For the harsh conditions, the Type 1 models all had good R - 
adj values (92-98%), but for the Type 2 model the R2-adj was substantially lower 
(77%). In this case, combining the data sets had a large effect on the goodness of fit, 
substantially reducing the proportion of the variation in log count explained by the 
model.
A similar effect was seen on the standard error of the estimate (s). This would be 
expected as R2-adj and s are closely related, but the interpretation of R2-adj and s 
differ. The standard error of the estimate is a measure of the scatter of the data 
points around the fitted model.
If the replicates had not been performed and analysed it might have been concluded 
from a single data set that the model had a R -adj, in excess of 92%, a standard error 
of estimate of about 0.2 to 0.5, and similar performance under mild and harsh 
conditions. The inclusion of the replicates makes clear that the model performance 
can be far worse than this, especially under harsh conditions.
8.3.2.2 Statistical analysis o f differences in replicate models
Consideration of the LAB models (Table 8.5) suggested that the models fitted to the 
replicate data sets were affected by the inclusion of harsh environments. In order to 
assess whether the differences were significant, a Chow test was performed between 
replicate models for all three microbial groups under mild and harsh conditions. A 
worked example is shown below for TVC under mild conditions. The data presented 
(Tables 8.5 a and b) are the analysis of variance tables from the model fitting routine 
which contains data on the degrees of freedom (df) and sums of squares (SS) due to 
the model, i.e. the regression SS, or due to unexplained factors, i.e. the error or 
residual SS. These values are used to calculate the F value from the data as shown 
below.
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Table 8.5a. Analysis of variance data for the ‘unrestricted’ model
TVC Replicate set 1
Source DF SS MS 
Regression 33 1124 34.1 
Error 134 47.3 0.353 
TOTAL 167 1172
TVC Replicate set 2
Source DF SS MS 
Regression 33 409 12.4 
Error 62 6.770 0.109 
TOTAL 95 416
TVC Replicate set 3
Source DF SS MS 
Regression 33 517 15.7 
Error 74 17.8 0.241 
TOTAL 107 534
m
RSSU = R S S i =  47.3 +  6.77 +  17.8 =  71.87
/=i
Table 8.5b. Analysis of variance data for the “restricted” model
T(G)
Source DF SS MS
Regression 33 2.1E+03 63 .6 RSS=189
Error 338 189 0 .560
TOTAL 371 2 .289E+03
Chow test calculations
F  = (.RSS -  RSSU )/restrictions 
R S S jd f
RSS -  £  RSS, M m  - 1))
i=l
1=1
m /
y  RSSi (n -  km)
- (l89 -  71.9)/(33(3 - l) )  117.1/66 1.78
71.9/(372 -  33*3) 71.9/273 0.263 ' ®'273
This F value (6.76) is highly statistically significant (PO.OOl), indicating there are 
significant increases in the errors by fitting the model to the combined TVC data set 
compared with the three individual data sets, even under mild conditions.
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Table 8.6 shows the calculated F values for all microbial groups under mild and 
harsh conditions. All the F values were statistically significant (PO.OOl), indicating 
differences between the models derived from the different replicates for all 
organisms, whether under harsh or mild conditions.
The magnitude of the calculated F value can be used as an indication of the 
magnitude of the difference between the models derived from the different replicates. 
The larger the F value, the greater the difference between the replicates. It can be 
seen (Table 8.6) that F values for the harsh conditions were 5.3, 5.3 and 7.8-times 
larger than the mild conditions for TVG, Enterobacteriaceae and LAB respectively. 
Therefore, whilst there was a replicate effect for all groups assessed, this was 
exacerbated when the environmental conditions tested included some extreme 
values.
Table 8.6: Chow F values for 3 microbial groups under mild and harsh 
conditions
Organism Mild
Conditions
Harsh
Conditions
P value
TVC 6.76 34.03 <0.001
Enterobacteriaceae 6.01 31.89 <0.001
LAB 3.48 27.29 <0.001
8.3.2.3 Impact o f replicate effect on model predictions
Figure 8.9 shows the predicted Li values for Enterobacteriaceae obtained from the 
replicate Type 1 models under harsh conditions. The data from the original growth 
curves are also included to illustrate how the variation in predicted values compares 
with empirical data.
It can be seen that there is substantial variation in both the predicted and empirical Li 
values, particularly at the harsher environmental conditions. Predictions based on 
models containing one replicate under each condition are therefore likely to 
underestimate the variability or uncertainty associated with the prediction, which 
may lead to a false sense of security in the answer obtained. The same is true for
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shelf-life studies based on empirical data. These data demonstrate that adequate 
replication should be included in all studies on microbial growth.
Figure 8.9. Comparison of observed (primary model fitted to growth data, o) 
and predicted Ti0 values (replicate Type 1 models, x) for Enterobacteriaceae at 
16 conditions. (0=least severe, 16= most severe)
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8.3.2.4 Effect of harsh environments on microbial variation
These studies have shown that variation in microbial growth is worse under extreme 
environments. Microorganisms exposed to harsh conditions have many homeostatic 
mechanisms to ensure they maintain the correct turgor pressure and cytoplasmic 
composition (see 1.2.2). Under mild stress conditions, microorganisms can restore 
homeostasis rapidly with relatively little expenditure of energy. However, under 
increasingly harsh environments, the cells require more time and energy to restore 
their balance. The stress on a cell exposed to high levels of multiple stresses can be 
very high and under these conditions, minor changes in the physiological state of the 
cell or the exact environmental conditions can affect the response mechanisms. For 
example, most foods are not homogeneous and will have variations in the levels of,
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for example, salt or acidity throughout the product. Such difference in the 
environment immediately surrounding the microbial cell may be sufficient to affect 
the microbial growth response in different parts of the food or between different 
samples of the same food.
McMeekin et al. (2000) reviewed the bacterial growth/no growth interface and found 
many fascinating physiological responses either side of the interface where the 
microbial response was unexpected or reversed. For example, on the growth side of 
the interface, compatible solutes increased the growth rate of E. coli, whereas on the 
no-growth side, they enhanced death rates.
The growth response of microorganisms may be highly uncertain at extreme 
environments, and difficult to model. None-the-less it is important to include harsh 
environments where these are likely to be present in the food group of relevance.
8.3.2.5 Implications for the future o f model development
It has been shown that empirical microbial growth data obtained under apparently 
identical conditions is subject to substantial variation, particularly at extreme 
conditions. As a consequence, microbiological models produced from these data 
also show substantial variation.
Many predictive models do not currently give any estimation of the uncertainty 
associated with the predicted growth response. As the uncertainties may be large 
enough to influence any decisions based on the predictions, some measure of 
uncertainty or microbial variation should be given. Even when the conditions are 
mild, the replication uncertainty may be of comparable magnitude to other sources of 
error. When the conditions are harsh, the replicate uncertainty may be very large 
indeed.
This raises some interesting questions about the reliability of model predictions and 
laboratory data. In most cases, it is recommended that microbiological predictions 
be validated by food studies, the assumption being that if the food data do not 
support the prediction, then the model is wrong. It has been shown that food 
validation studies using mixed microbial groups have as much variation as predicted
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growth responses. Therefore, the interpretation of food validation data should be 
considered carefully.
In order for microbiological models to be more meaningful when applied to food 
situations, they need encompass the range of likely growth responses. It may be 
appropriate to give predictions of an ‘average’ growth response or the fastest likely 
growth response from replicate data. It is unlikely to be adequate to give predictions 
of a growth response that was seen once, the only time it was assessed.
8.4 CONCLUSIONS OF SIGNIFICANCE TO THIS THESIS
(i) There is considerable variation in the microbial growth kinetics, which is
particularly important under harsh environmental conditions.
(iii) Where the shelf-life of a product is short, variation in microbial growth may 
be of little consequence. However, for highly preserved products where the 
shelf-life of the product is longer, the impact of microbial variation could be 
large.
(iv) Many shelf-life assessments are done only once, or on a limited number of 
samples. The data from this study show that answers derived from such 
experiments are misleading and inclusion of adequate replication is essential 
in estimation of product shelf-life based on microbial growth.
(iv) Predictive models produced from replicate data sets of identical conditions 
show a similar pattern of variation to the empirical data. The significance of 
this variation was up to seven times greater for models containing some harsh 
environments compared with models containing mild conditions.
(v) Lack of replication has a similar effect on both predictive models and 
empirical growth data and should be considered in both approaches.
(vi) There is a tendency amongst the food industry to distrust predictive models 
whilst relying on answers from shelf-life tests. These studies have shown that 
there is no scientific basis for this belief and when models are produced in the 
same growth matrix as empirical data, they show a similar level of variation.
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CHAPTER 9
SENSORY AND MICROBIOLOGICAL ANALYSIS OF COOKED CHICKEN 
INOCULATED WITH PSEUDOMONAS
' To investigate the relationship between microbial levels and sensory  
deterioration under a range of environmental conditions ’
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9.1 INTRODUCTION
Spoilage of food products can be caused by a range of processes including 
biochemical changes and loss of texture or colour (Brown and Hall, 2000), although 
in many cases, unacceptable sensory changes are a result of microbial growth and 
activity. The spoilage pattern will vary for each food type and is influenced by pH, 
water activity and storage temperature. Microbial deterioration is often caused by 
specific spoilage organisms (SSOs), which will differ between product types and are 
capable of producing undesirable metabolites (Gram et al, 2002). For example, 
Garcia et al (2000) showed that cured hams were spoiled exclusively by 
Enterobacteriaceae (Proteus and Serratia) due to production of volatile compounds.
Meat products are frequently spoiled by Pseudomonas spp, which can cause off- 
odours and rancidity due to the metabolism of free amino acids. They have been 
shown to produce volatiles during spoilage of beef (Dainty, et a l , 1989) and can 
produce extracellular slime and pigments during the later stages of spoilage (Huis 
in’t Veld, 1996). Pseudomonas have been found to dominate the micro flora present 
on chicken carcasses at 4°C (Viehweg et a l , 1989), 1°C (Barnes and Thomley, 1966) 
and 0°C (Regez, et al, 1988) where they represented 60 - 80% of the microflora of 
poultry carcasses. Recent work, (Jay et al, 2003) found that Pseudomonas spp. were 
dominant in samples of spoiled ground beef held at 5-7°C for 28 days. Another 
organism commonly associated with spoilage of poultry products, particularly leg 
meat which has a higher pH, is Shew, putrefaciens (Barnes and Impey, 1968).
Many studies have evaluated the relationship between sensory deterioration and
r  O I
microbial numbers, particularly for fish products. Levels of 10 -10 TVC g‘ (Lyhs et 
al 2001), 106-108 Pseudomonas g’1 (Koutsoumanis and Nychas 2000; Koutsoumanis 
et al 2002) and 107 Shew, putrefaciens g"1 (Taoukis et a l, 1999) have been reported 
to equate to the onset of sensory spoilage.
With regard to RTE meat products, the picture is not so clear. At 8 to 12°C, spoilage 
of cooked fermented sausages correlated to high levels (107-108 cfu g"1) of lactic acid
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bacteria (Korkeala et al., 1989), however, at 2°C, four out of six batches were 
considered sensorially unacceptable without any marked increases in microbial 
counts. Here, the deterioration was likely to be due to chemical or biochemical 
processes such as rancidity
Ahvenainen et al (1989) found little correlation between the final numbers of 
microorganisms and shelf-life of MAP and VP ham at 5°C, but concluded that it was 
the initial level that was important. VP ham was acceptable when the final microbial
O 1 1
levels were 10 cfu g' provided the initial level was <5cfu g ' , yet ham with a final
7  1 7 1level of less than 10 cfu g' was unacceptable when the initial level was 10 cfu g' .
It is apparent from the literature, that in some cases, the end of shelf-life corresponds 
to high microbial levels, whereas in others, there is little correlation between 
microbial and sensory quality. Despite this, it is still common throughout the food 
industry, to base the end of shelf-life on a predetermined number of microorganisms.
7  1IFST (1999), recommend a maximum Pseudomonas level of <10 cfu g' for raw 
meats and poultry whilst PHLS (2000), recommend an Enterobacteriaceae level of 
< 104cfu g'1 for cooked meats at point of sale.
Use of predictive models to estimate the shelf-life of meat products, is therefore 
often based on the time taken to reach a predetermined level of microorganisms; for 
example, 107cfu g’1 was chosen for MAP cooked meat (Devlieghere et al, 1999) 
and for raw chicken drumsticks (Moore and Sheldon, 2003b).
The aim of this study was to evaluate the relationship between sensory deterioration 
and microbial levels in a meat product and to assess whether the use of predictive 
models as a tool for estimation of shelf-life based on predetermined levels of 
microorganisms is appropriate.
9.2 MATERIALS AND METHODS
9.2.1 Choice of organisms and inoculation procedure
Three strains of Pseudomonas previously used to develop the FORECAST
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Pseudomonas model (Brunskill et al. 1993) were chosen for these trials:
Ps.putida CRA 1501 (from mince)
Ps. putida CRA 4895 (from fish)
Ps. fluorescens CRA 8298 (from milk)
The organisms were inoculated separately into Nutrient Broth (NB) and incubated at 
25°C for 48 hours. A cocktail of the strains was inoculated into the chicken samples 
at a level of 101 - 103 Pseudomonas g"1, incubated at 5°C, 8°C and 12°C and analysed 
for sensory and microbiological quality.
9.2.2 Experimental matrix
The growth of Pseudomonas species in cooked chicken was assessed under different 
conditions of salt, pH and storage temperature in two separate trials.
In the first trial, sterile plastic bags were used to store the chicken, whereas, in the 
second, screw-cap plastic pots were used. The use of different containers would 
allow an evaluation to be made of whether the container type, influenced the 
perceived sensory quality of the product.
The parameters of the chicken samples used in each of the trials are listed below:
Bags Pots
Added salt % (w/w): 2,4 Added salt % (w/w): 0 ,2 ,4
pH: 5.5,7.0 pH: 5.5,6.0,7.0
Temperature (°C): 5,8,12 Temperature (°C): 5,8,12
9.2.3 Preparation of chicken
Raw chicken breast fillets were purchased from a local butcher and cooked by 
autoclaving in sterile plastic bags at 110°C for 5 minutes. After cooking, the meat 
was blended using a food processor and distilled water was added in a ratio of 
2 meat:l water. For chicken with added salt (NaCl), the relevant amount of NaCl
152
(w/w) was dissolved in the distilled water prior to adding to the chicken.
The pH value of the prepared chicken was adjusted to the required value with HC1 
(1M) or NaOH (1M) and samples (50 g) were dispensed into small plastic bags 
(individually made by cutting and heat sealing appropriate sections of autoclaveable 
plastic bags) or into autoclaveable plastic pots. After dispensing the samples were 
re-autoclaved at 110°C for 5 minutes.
Samples in plastic bags were approximately 0.5 cm in depth by 8 cm in length and 4 
cm in width. Samples in pots were approximately 4 cm in depth and 5 cm in 
diameter.
9.2.4 Sampling plan
The FORECAST Pseudomonas model was used to predict the likely growth kinetics 
under each condition. Sampling times were chosen from the predicted growth curve 
at points where changes in sensory attribute were expected, for example at every 0.5 
logio change in levels of Pseudomonas species.
9.2.5 Sensory evaluation
Triplicate inoculated samples and one uninoculated control sample were assessed at 
each storage time by a team of four to six trained assessors who independently rated 
the samples for appearance and odour using the Quality Grading Scale shown below 
(Table 9.1). The panel reached a consensus score for each sample, which represented 
an approximate mean of all the individual assessor’s scores.
Table 9.1 Assessment scale for sensory quality acceptability of cooked chicken
Score Description
9 Excellent
8 Very Good
7 Good
6 Fairly Good
5 Satisfactory
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4 Acceptable
3 Poor/Unacceptable
2 Very Poor
1 Bad
9.2.6 Microbiological analysis
On each storage time, a sample (20 g) of inoculated chicken was examined for the 
level of Pseudomonas spp. using general microbiological techniques (Chapter 2).
In addition, a sample of uninoculated control chicken was evaluated at the beginning 
of the trial to ensure absence of Pseudomonas spp.
9.2.7 Statistical analysis of results
Two different statistical analyses were used for the sensory data. The first was to 
establish whether the presence of Pseudomonas significantly increased the sensory 
deterioration of the chicken compared with the uninoculated control samples. This 
was done using the one-way analysis of variance (ANOVA) function of Minitab 
(Minitab Statistical Software for Windows 95/98/2000,13.32).
Secondly, the relationship between time to reach a sensory threshold and time to
f\ 1 8 1reach a level of 10 ,10 or 10 cfu g' Pseudomonas was evaluated using the linear 
regression analysis and correlation coefficient functions of Minitab.
9.3 RESULTS AND DISCUSSION
The data from the microbiological and sensory analysis of cooked chicken are given 
in Tables 9.2 to 9.13 (Appendix IV) as logio cfu g'1 and mean sensory scores from 
the triplicate samples.
9.3.1 Deterioration in sensory quality
For the majority of the trials, the sensory scores of the inoculated and control chicken
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were good (score 7-6) or satisfactory (score 5-4) at the first sampling point. At the 
end of the trials, the quality ranged from fairly good (score 6 ) to very poor (score 2 ). 
The mean sensory score for all control samples (~ 6.2) was higher than that for 
samples inoculated with Pseudomonas (-5.0).
The sensory panel noted that for the inoculated samples, the off-odours were initially 
fruity or fermented, changing to sour, or cheesy with ‘farmyard’ odours. The control 
samples also developed off-odours during storage but these tended to be more stale 
and rancid odours.
For the appearance, both the controls and the inoculated samples became wetter 
during storage and developed grey tints. The inoculated samples also developed 
yellow and pink pigmentation during storage. In all cases, the sensory loss occurred 
more rapidly and to a greater extent in inoculated samples. This can be seen below 
(Figure 9.1) for samples containing 4% salt and stored in pots at 12°C.
Figure 9.1. Sensory deterioration of controls and chicken samples inoculated 
with Pseudomonas species.
a) 12°C: 4% salt: pH 7.0 b) 12°C : 4% sa lt: pH 6.0
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The sensory quality of control samples become unacceptable (score<4) for only a
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few samples during the trials (see Tables 9.2-9.13, Appendix IV).
9.3.1.1. Effect of storage container
The sensory deterioration of chicken samples was similar for both container types at 
5°C. However, at the higher temperatures it appeared that samples in pots (trial 2) 
deteriorated more rapidly. This was particularly apparent at 12°C, where samples 
with 2% salt (w/w) were unacceptable by 44 h when stored in pots (Table 9.12, 
Appendix IV), yet remained acceptable after 138 h in bags (Table 9.4, Appendix IV).
The pots had a screw cap and a smaller surface area than the bags and this may have 
concentrated any odour and appearance defects on the surface of the chicken. These 
data indicate that the packaging format as well as the environmental factors can 
influence the measured sensory deterioration of the product.
9.3.1.2 Effect of environmental factors on sensory deterioration
It has been shown above that the sensory quality of chicken deteriorated with storage 
time. Main effects plots (Minitab Statistical Software for Windows 95/98/2000, 
13.32) were produced for control samples (Figure 9.2) and inoculated chicken
Figure 9.2 Main effects plot showing effect of each level of temperature, salt and 
pH on mean odour score of control chicken samples.
Temperature (C)
____________ average of all sensory scores
(Figure 9.3) to determine whether any of the factors had a large influence on this
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deterioration. None of environmental factors appeared to have a major influence on 
the sensory deterioration of control samples, whilst for those inoculated with 
Pseudomonas, the storage temperature had a large effect showing a linear decrease in 
sensory score with increasing temperature.
Figure 9.3 Main effects plot showing effect of each level of temperature, salt and 
pH on mean odour score of chicken samples inoculated with Pseudomonas.
Temperature (C) Salt % (w/w)
6.4 -
03OO</) 5.2 -
3OT3O 4.6 -
4.0 -
_________  average of all sensory scores
9.3.2 Effect of P seudom onas on sensory quality
Whilst there was some deterioration in the quality of control chicken samples during 
storage, the samples containing Pseudomonas, showed a higher level of 
deterioration. In order to test whether these differences were significant, the data 
were analysed using one-way analysis of variance (ANOVA).
The results of the analyses are shown below for odour and appearance. The ANOVA 
results showed that for odour there was a difference of 1.3 in the mean sensory score 
between control samples and those inoculated with Pseudomonas. For appearance 
the difference in mean score was 0.7. These differences were statistically significant 
at the 99.9% confidence level (PO.OOl) and show that the presence of Pseudomonas 
significantly affected the quality of cooked chicken during chilled storage.
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One-way ANOVA: Odour-treated versus odour-control
Analysis of Variance for odour 
DFSource
control
Error
Total
238
239
Level N
Inoculated 120 
Control 120
Pooled StDev =
SS
1 109.49
321.39 
430 .87
Mean sensory 
score 
4.933 
6.283
MS
109.49
1.35
F
81.08
P
0.000
1.162
Individual 95% CIs For Mean 
Based on Pooled StDev
StDev ------+--------- +---------- + --
1.452 (---- *--- )
0.769 (-
5.00 5.50 6.00 6.50
One-way ANOVA: Appearance-treated versus appearance-control
Analysis of Variance for appearance
Source DF SS MS F P
Contr 1 31.25 31.25 23 .83 0.000
Error 238 312.12 1.31
Total 239 343 .37
Individual 95% CIs For Mean 
Based on Pooled StDev
 +
)
------ +
5.95
Level n score £>c.uev-- +----------+----------+-------
Inoculated 120 4.920 1.317 (----- *---- )
Control 120 5.642 0.942 (----- *-----
Pooled StDev = 1.145 4.90 5.25 5.60
9.3.3 Sensory deterioration versus microbial levels
For each experimental condition, the sensory scores and logio Pseudomonas g"1 were 
plotted against storage time. On initial observation, there did not appear to be any 
agreement between sensory acceptability and microbial levels, particularly at the 
lower temperatures. For example, data for chicken stored in plastic bags at 5°C 
showed that samples at pH 7.0 and 2% salt (w/w) (Figure 9.4a) contained 108 cfu g'1 
for approximately 100 hours before the sensory score became unacceptable. 
Conversely, samples at pH 7.0 and 4% salt (w/w) (Figure 9.4b) became unacceptable
158
when the count was less than 1 0 5cfu g '1.
Similar data were found by Leroi et al. (2001) when predicting the shelf-life of fish 
based on microbial levels. They showed prolonged storage of smoked fish at high 
microbial levels without sensory deterioration as well as unacceptable samples with 
low microbial numbers.
Figure 9.4: Microbiological and sensory analysis of cooked chicken inoculated 
with Pseudomonas species and stored in plastic bags at 5°C
a) pH7.0/NaCI 2%
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At higher temperatures, there was better agreement between sensory and 
microbiological quality over a range of conditions. Here, the sensory score became
o i #
unacceptable at the same time as the microbial levels reached 10 cfu g' (Figure 
9.5).
In order to allow a visual indication of where there was an agreement between 
sensory score and microbial count, the data cells in Tables 9.2 to 9.13 (Appendix IV) 
have been shaded green or red. For the sensory score, acceptable values (4 or higher) 
are shaded green and unacceptable scores (<4) shaded red. Similarly, Pseudomonas 
levels above 1 0 7 cfu g"1, which often represents the end of shelf-life have been
7 1 • •shaded red and values less than 10 cfu g‘ shaded green. Using this system, 
agreement between the sensory and microbiological quality at any sampling point
b) pH7.0/NaCI 4%
10.0
8.0
6.0
4.0
2.0
0.0
0 50 100 150 200 250 300
Time (h)
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can be seen for both data cells having the same colour. Table 9.13 is included here as 
an example.
Figure 9.5: Microbiological and sensory analysis of cooked chicken with 2% 
added salt inoculated with Pseudomonas species and stored in sterile screw cap 
pots at 12°C
a) pH 7.0
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Table 9.13: Sensory score and microbiological analysis of chicken stored in pots 
at 12°C: salt level 0%
Days/Hours pH 5.5 App Odour
pH 6.0 
App Odour
pH 7.0 
App Odour
Control 6 7 6 7 6 7
0 T reated 5.3 6 6 5.7 6 6
Pseud 7.1E+03 8.3E+03 1.0E+04
Control 3 3 5 7 6 6
22 T reated 3 3.7 4.7 4 4.3 4.3
Pseud 1.2E+07 4.4E+07 6.0E+07
Control 4 4 4 6 5 6
44 T reated 4 3.3 4 3.3 3 4.7
Pseud 4.6E+08 3.9E+08 8.00 E+08
Control 4 6 4 5 5 6
92 T reated 2 2.3 3 2.3 3.3 2.7
Pseud 5.3E+08 3.8E+09 1.3E+09
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Generally, for all conditions, there was good agreement between microbial and 
sensory indications of quality for the early sampling times, however, this worsened 
as the storage time increased. In the 74 cases where the chicken had a Pseudomonas
7 1count of >10 cfu g' , 50 had a sensory score (either appearance or odour or both) of 
<4, whilst 24 were still acceptable (sensory score <4).
9.3.4 Relationship between sensory deterioration and microbial levels
This study set out to establish whether there was a statistically significant 
relationship between the time of shelf-life as determined by Pseudomonas level and 
that determined by sensory score. To assess this, the logio time (h) taken to reach a 
sensory score of <4 was plotted against the logio time taken to reach a level of 106,
1 O 1 u
10 or 10 Pseudomonas g for each experimental condition. An example is shown
7 1below (Figure 9.6) for odour score and 10 cfu g' . For each analysis, the lines of best 
fit were determined using linear regression analysis (Minitab) and the Pearson’s 
correlation coefficients calculated (Table 9.14).
Figure 9.6: Regression plot of logio time to <4 odour score and logio time to >107 
cfu/g Pseudomonas
a)oc
03L_
CO
03
CL
CL
CO
"tfCl)i_
oo
C/)
£*oc/)c
CD
V)
V
o>o
2.6
R-Sq(adj) =
2.5
2.4
2.3
2.2
2.1
2.0
1.9
1.8
1.7
1.9 2.01.5 1.6 1.7 1.8 2.1 2.2 2.3 2.4 2.5
log 10 time to >log 7 Pseudomonas level
Regression 
95% Cl
161
The best correlation for odour was for levels of 106 Pseudomonas g '1, whilst for 
appearance, the time taken to achieve an unacceptable sensory score was highly 
correlated with the time to reach all of the Pseudomonas levels tested. It would 
appear therefore, that, predicted times to reach a target threshold of Pseudomonas 
would give a realistic indication of the likely time to reach sensory failure in cooked 
chicken.
Table 9.14 Readjusted values for relationship between logio time to reach 
unacceptable sensory score and logio time to target levels of Pseudomonas.
Sensory attribute Logio time to reach microbial level
106 107 108 ,
Logio time to <4 odour 0.87 0.76 0.68
Logio time to <4 appearance 0.89 0.9 0.89
The data generated here can also be used to estimate the likelihood of sensory failure 
for any chosen level of Pseudomonas. Sensory scores were plotted against the 
microbial counts for each sample as shown below for odour (Figure 9.8).
Figure 9.8 Odour score versus level of Pseudomonas (logio cfu g'1)
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• !• • !
6 —
S_
o■O
o
Threshold of
sensory
acceptability
2 3 4 5 6 70 1 8 9 10
logcount
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The number of total data points were determined for each microbial level, i.e. 0-1 log 
units, 1-2 log units, as were the number of data points below the threshold of sensory 
acceptability.
The failure rate was then calculated for each microbial level as the percentage of total 
samples with a sensory score <4 (Table 9.14). It can be seen that there are some 
differences between the % odour failure and % appearance failure for each log unit.
Cooked chicken would appear to be more susceptible to off-odours rather than 
unacceptable appearance based on the assessment of the sensory panel, as the failure 
rate was generally higher for odour.
Since unacceptable sensory quality as been previously defined as a loss of either 
odour or appearance or both, a mean failure rate based on either sensory attribute 
would indicate the total level of sensory failure (Table 9.14).
Table 9.14 Sensory failure rate of cooked chicken at different levels of 
Pseudomonas per gram of chicken
Logiocfug'1 %fail appearance %fail odour % total sensory 
failure
0 -< l 0 12 12
1 -<2 4 8 8
2-<3 3 10 10
3-< 4 5 0 5
4-<5 0 13 13
5-<6 18 12 18
6-<7 18 14 18
7-<8 29 39 39
8-<9 48 36 48
9-<10 90 100 100
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It is possible to estimate the likelihood of sensory failure at any given log count by 
doing a regression analysis of total % failure against microbial level (Figure 9.9). A 
cubic regression line fitted the data best with an Readjusted value of 0.95.
From the regression equation it is possible to calculate the number of samples likely 
to fail at any microbial level. For example, at a Pseudomonas level of logio 9.0 g'1, 
the number of samples likely to fail is 74%.
It has been shown in this study that although the storage and formulation conditions 
affect the rate of sensory deterioration of individual samples, generally, there is 
significant relationship between the time to reach a high level of Pseudomonas 
species and unacceptable sensory score across a range of environmental conditions.
Moore and Sheldon (2003a) showed a linear response in microbiological and sensory 
changes to temperature, and this principle has been extended here to include the 
effects of different salt and pH levels.
Figure 9.9 Likelihood (%) of sensory failure for cooked chicken as affected by 
Pseudomonas levels
% failure = 6.609 + 6.548 x [log] - 2.77 x [log]2 + 0.322 x [log]3
100
S = 6.66427 R-Sq(adj) = 94.8 %
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9.4 CONCLUSIONS OF SIGNIFICANCE TO THE THESIS
(i) Pseudomonas species caused a significant deterioration in the sensory quality 
of cooked chicken in addition to natural biochemical deterioration, although the 
levels required to cause an unacceptable product varied between different conditions.
(ii) In the majority of cases (70%) a high level of Pseudomonas was 
accompanied by an unacceptable sensory score. In the remaining samples some had 
low levels (< 106 cfu g'1) of Pseudomonas with unacceptable sensory score, whereas
o 1
others had 10 cfu g' present and were still considered acceptable.
(iii) For a cooked chicken product, the time to reach an unacceptable sensory
7  1quality was highly correlated with Pseudomonas levels of greater than 10 cfu g' 
across a wide range of environmental conditions.
(iv) The data would indicate that predictions of the time to a predetermined level 
of microorganisms obtained from mathematical models, or empirical growth data are 
a useful indication of the likely time to end-of-shelf-life.
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CHAPTER 10 
DISCUSSION
Chilled foods such as ready-to-eat (RTE) meats are highly perishable and susceptible 
to deterioration in their quality during storage. Deleterious changes to food quality 
are caused by biological, chemical and biochemical and processes. One of the main 
causes of unacceptable quality loss for chilled RTE meats is the growth of a range of 
spoilage microorganisms such as Pseudomonas (Gill and Newton, 1977), 
Enterobacteriaceae (Marin et al., 1996) lactic acid bacteria (LAB) and in some cases, 
Brochothrix thermosphacta (Jacksen et al., 1997). The precise spoilage flora will 
depend on the intrinsic and extrinsic properties of the food and storage conditions. In 
order to minimise product spoilage due to growth of these organisms, it is necessary 
to understand their growth characteristics under a range of environmental conditions 
typical of those seen in RTE meat formulations. Such data can be obtained by doing 
either laboratory studies in the individual products or by the use of alternative tools 
such as predictive microbiological models.
The use of predictive models to estimate the growth response of microorganisms has 
increased steadily over the past few years, as different systems have become 
available. Many models are developed using microbiological data generated from 
growth in broths, although there is an increasing trend for developing models based 
on data obtained in foods.
For models to be of use for shelf-life prediction they need to be based on an 
appropriate range of organisms known to have a relationship with the sensory quality 
of the food. Although predictive microbiological models can be very powerful tools 
for the food industry, this study has shown they are currently used by only a small 
proportion of the industry. In order to increase their use, there are a number of 
changes which are required to overcome some of the perceived limitations in the 
models available, i.e.
(i) lack of microbial competition
(ii) inclusion of more antimicrobial factors
(iii) lack of industry confidence in predictive models
(iv) understanding how microbial numbers relate to sensory loss
(v) inadequate representation of real food manufacturing situations
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10.1 MICROBIAL INTERACTION
Many of the predictive models contained within publicly available modelling 
systems are based on single microbial species. This may overpredict the growth 
likely to be seen in foods where there are competitors (Oscar, 2002) and thus make 
the models very fail-safe. Whilst this is acceptable where product safety is 
concerned, it is less desirable for predicting growth of food spoilage organisms. 
Overly fail-safe predictions of growth may lead food manufacturers to assign 
unnecessarily short shelf-lives, which has economic implications due to increased 
manufacturing costs.
Models incorporating mixed microbial groups are increasingly being developed for 
predicting safety and spoilage of food products (Dalgaard et al., 2003: Koutsomanis 
et al., 2003). Powell et al. (2004) raised the issue of the validity of pathogen models 
in the absence of competitive flora. They concluded that predictive models based on 
multi-species trials would give a more realistic picture of microbial population 
dynamics in foods.
Where only two organisms are used, it is possible to model the interactive growth of 
the different organisms, however, when more organisms are used, the equations 
needed to adequately describe the interactions would be too complex. The approach 
generally taken is to model the growth characteristics of an entire mixed population, 
with the hope that it will include any interactive effects (Pin and Baranyi 1998, 
Samelis and Aggelis, 1999). In mixed cultures, it is often assumed that the growth of 
the entire group would be dominated by the fastest growing strain (s) (McMeekin et 
al., 1993). The findings from this study have shown that growth data from a mixed 
culture representing ten species and seven genera, adequately accounted for 
microbial interactions and represented an aggregate growth response of the strains 
present. Mixed cultures can be used successfully in the development of predictive 
microbiological models for food spoilage organisms, and they are able to account for 
different interactions likely to be present in a typical food associated microflora.
10.2 INCLUSION OF MORE ANTIMICROBIAL FACTORS IN 
PREDICTIVE MODELS
Many microbiological models currently available are based on only three 
environmental factors, e.g. pH, temperature and water activity, however, there are
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many more factors in food products which may impact on microbial growth. This 
study has looked at four environmental factors which required almost 300 growth 
curves. Buchanan et al. (1989) modelled the effects of five factors on 
L. monocytogenes which involved 1440 growth curves. Such data would be 
extremely costly to obtain and in order to handle a larger number of factors, an 
alternative approach to plate count data may be needed which monitors not the 
amount of growth that has occurred but more simply whether an organism is able to 
grow or not under a set of conditions. In such an approach, either visual turbidity or 
optical density (OD) measurements can be used.
A simple approach to data collection is to consider the time at which the microbial 
population has grown sufficiently to achieve a turbid solution. Recent studies at 
CCFRA (Evans et a l 2003, Appendix V) have evaluated seven different 
environmental factors on the growth of yeasts which involved over 2000 
experimental conditions. Broth cultures were monitored for time to visual turbidity 
and the data was analysed using two new techniques: Classification and Regression 
Trees (CART) and failure time/survival analysis. This approach was less time 
consuming than traditional kinetic models as it did not require growth curves to be 
produced and both modelling techniques produced successful models.
Analysis of time to turbidity data collected during production of the kinetic meat 
spoilage model in this study has indicated that this approach could be useful for 
studies with meat spoilage organisms (Betts et al., 2004).
10.3 CONFIDENCE IN PREDICTIVE MODELS
Results from a survey into the industrial uses of predictive models suggested that the 
food industry tended to distrust answers from predictive models more than data from 
empirical challenge tests. Any microbial growth data can be highly variable, 
particularly at extreme environmental conditions, yet it is often the case that data 
from a single experiment is used to determine the shelf-life of a product.
This study has shown that microbial growth kinetics obtained at thirty-two 
environmental conditions showed considerable variation when measured on three 
occasions. The variation became more pronounced as the severity of the 
environmental conditions increased. Decisions on product shelf-life based on single
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replicate experiments can be misleading and inclusion of adequate replication is 
essential in estimation of product shelf-life based on microbial growth.
Lack of replication was shown to have a similar effect on both predictive models and 
empirical growth data and should be considered in both approaches. These studies 
have shown that there is no scientific basis for the food industry to distrust predictive 
models whilst relying on answers from shelf-life and when models are produced in 
the same growth matrix as empirical challenge test data, they show a similar 
variation.
10.4 MICROBIAL MODELS AS AN NDICATOR OF SENSORY QUALITY
The approach generally taken when using microbiological models to determine the 
shelf-life of a food product is to predict the time taken to reach a target level of 
microorganisms that may be responsible for adverse organoleptic properties, and to 
use this time as an indication of the likely shelf-life. Whilst spoilage of foods is often 
related to high levels of microorganisms, in many cases, a high microbial level may 
not result in sensory deterioration and conversely sensory deterioration may occur 
when there are low numbers of microorganisms present. In 70 % of cooked chicken 
samples evaluated in this study, sensory loss was associated with high microbial 
numbers but in the remainder it was not. There did not appear to be any particular 
combination of factors where this occurred although there were more occasions at 
lower temperatures. Recent studies on the sensory and microbiological quality of 
smoked salmon. (Cardinal et al. 2004) evaluated the sensory (texture and colour), 
chemical (phenol, total volatile nitrogen and trimethylamine content) and 
microbiological (including LAB TVC, Enterobacteriaceae ) quality of the product. 
The authors concluded that while there was some correlation between some of the 
sensor, chemical and microbiological characteristics, it was difficult to find suitable 
models for the prediction of sensory properties using chemical and microbiological 
properties as variables.
10.5 FOOD MANUFACTURING PROCESSES
Many models, including the one developed in this study are produced under static 
conditions of the environmental factors.
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However, many of the processes used in the food industry are based on conditions 
that change, for example, pH reduction during manufacture of a fermented food or 
temperature cycling in a refrigerator. There is a need to develop dynamic predictive 
models that can take into account fluctuating temperatures or declining pH values, 
which may be more representative of food manufacturing procedures. Models 
capable of predicting microbial growth under dynamic temperatures have been 
developed for Broch. thermosphacta (Baranyi et al., 1995) and raw fish products 
(Koutousmanis, 2001) and more recently under dynamic water activity conditions 
(Lebert et al., 2003). Further studies in this area need to address this issue and 
consider the development of dynamic models for meat products.
The major achievement of this study is the development of a predictive model for a 
large group of meat spoilage organisms. The model encompassed a wide range of 
environmental conditions including many at the boundaries for growth where 
microbial growth is highly variable. The performance of the complex model was as 
good as may be expected from a single species model. Furthermore, it has been 
shown that it is possible to predict the likely sensory failure of a cooked meat product 
based on levels of Pseudomonas species present. The use of mixed microbial groups 
to predict the growth and likely sensory failure of food products over a wide range of 
conditions is a significant contribution to the development of future models for the 
food industry.
10.6 AREAS OF WORK FOR THE FUTURE
There are a number of areas of work arising from this study that warrant further 
exploration.
- An important aspect of microbiological models is to demonstrate that they are 
reliable not only when compared to laboratory data but more importantly when 
applied to real food situations. There should be better validation and verification 
of predicted models using a standardised approach (Betts and Walker, 2004).
This will give the users more confidence that models will give reliable 
predictions when used in industrial applications.
- More predictive models should be developed for major food groups using mixed 
cultures of relevance. In addition, the use of real food systems should be
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considered for use as the growth matrix. Brocklehurst et al. (1997) showed that 
planktonic cells grew more rapidly than those immersed in or on the surface of 
solid agar. They concluded that predictions of bacterial growth in foods based on 
broth data may be erroneous in some situations
The food industry should be better informed on the advantages of using 
predictive models during all stages of food manufacture. Once they are more 
aware of the advantages of these systems, their use will increase in the future 
years.
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APPENDIX I
TABLES AND FIGURES FROM CHAPTER 4
Figure 4.9 Main trends and interactions plots for pork shoulder
Figure 4.10 Main trends and interactions plots for ham
Figure 4.11 Main trends and interactions plots for liver sausage
Figure 4.12 Main trends and interactions plots for chicken roll
Figure 4.13 Main trends and interactions plots for pate
Figure 4.14 Main trends and interactions plots for pork pie
Table 4.6. Microbiological analysis of pork shoulder stored at 5 and 12°C for 2
weeks
Table 4.7. Microbiological analysis of ham stored at 5 and 12°C for 2 weeks
Table 4.8. Microbiological analysis of liver sausage stored at 5 and 12°C for 2
weeks
Table 4.9. Microbiological analysis of chicken roll stored at 5 and 12°C for 2
weeks
Table 4.10. Microbiological analysis of pate stored at 5 and 12°C for 2 weeks
Table 4.11. Microbiological analysis of pork pie stored at 5 and 12°C for 2 weeks
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Figure 4.9 Main trends and Interactions plots for Pork shoulder
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Figure 4.10 Main trends and interactions plots for ham
Interaction plot for log 10 cfu/g against 
time for ham
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Figure 4.11 Main trends and interactions plots for liver sausage
Interaction plot for log 10 cfu/g versus time 
for liver sausage
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Figure 4.12 Main trends and interactions plots for chicken roll
Interaction plot for log 10 cfu/g versus time 
for chicken roll
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Figure 4.13 Main trends and interactions plots for pate
Interaction plot of log 10 cfu/g versus time 
for pate
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Figure 4.14 Main trends and interactions plots for pork pie
interaction plot for log 10 cfu/g versus 
time for pork pie
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Table 4.6 Microbiological analysis (cfu g’1) of pork shoulder stored at 5 and
12°C for 2 weeks
Organism Initial count 5°C 12°C
1 wk 2 wk 1 wk 2 wk
TVC A1 <10 3.3 x 105 1.6 xlO7 7.1 x 108 Or—HV
B1 <10 5.3 x 106 5.7 xlO8 1.1 xlO8 2.5 x 1010
C2 <10 3 x 102 4 x 106 1.5 xlO8 1.7 x 109
D2 <10 2.35 xlO3 4.8 x 106 8.2 x 107 3.5 xlO9
Lactic acid A1 1.6 x 102 2.2 x 105 2.8 x 106 2.6 x 107 <104
bacteria B1 1.1 xlO2 7.9 xlO5 4.5 x 107 3.1 xlO8 2.5 x 108
C2 <10 <10 1.3 xlO4 3.4 x 107 2.9 xlO7
D2 <10 1.6 xlO3 1.4 x 104 1.2 x 10s 3.7 xlO8
Enterobacteriaceae
A1 <10 <10 <10 <10 >3 x 104
B1 <10 5.4 x 10s 2.5 x 104 1.2 xlO8 2.3 x 1010
C2 <10 <10 2.4 x 102 1.3 x 108 1.6 xlO9
D2 <10 <10 2.2 x 104 2.5 x 108 2.6 xlO9
Pseudomonas A1 <10 <10 6.8 xlO4 <10 1.2 x 105
B1 <10 <10 4.0 xlO5 <10 >3 x 103
C2 <10 <10 <10 <10 <10
D2 <10 <10 <10 <10 <10
Y&M A1 <10 <10 1.8 xlO6 >3 x 103 5.2 xlO6
B1 <10 3.4 xlO5 3.8 xlO6 1.9 xlO6 7.2 x 107
C2 <10 <10 <10 8.2 xlO5 5.8 x 107
D2 <10 <10 <10 2.4 x 104 1.1 xlO8
1,2, Data with same number indicates products purchased and examined at same time.
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Table 4.7 Microbiological analysis of ham (cfu g'1) stored at 5 and 12°C for 2
weeks
Organism Initial count 5°C 12°C
1 wk 2 wk 1 wk 2 wk
TVC A1 9.6 xlO7
rrOV 1.2 xlO7 2.9 xlO8 5.6 xlO10
B1 9.6 xlO7 <104 1.8 xlO7 9.1 xlO7 4.6 x 1010
C2 4.2 x 10s 5.4 xlO7 3.4 xlO8 5.3 x 108 7.2 x 108
D2 Not tested 1.3 xlO8 1.7 xlO8 5.4 xlO8 1.7 xlO9
Lactic acid A1 <10 <10 1.2 xlO7 2.3 xlO8 4.1 xlO8
bacteria B1 <10 4.3 x 103 5.5 xlO6 5.5 x 106 3.1 xlO9
C2 <10 1.1 xlO7 3.4 xlO8 1.3 x 108 6.3 x 108
D2 <10 8.9 x 107 2.9 x 108 1.6 xlO8 2.1 x 108
Enterobacteriaceae
A1 <102 <10 <102 3.7 xlO5 lx  109
B1 <102 <10 A \1 o to 1.5 xlO6 <102
C2 <10 1.2 x 10s 1.1 xlO6 1.2 xlO8 lx  109
D2 <10 2.4 x 103 Not tested 1.1 xlO8 lx lO 8
Pseudomonas A1 <10 <10 6.8 xlO4 2.0 x 106 <103
B1 <10 <10 4.0 x 105
C4OV 1.3 x 10s
C2 <10 <10 <10 <10 <10
D2 <10 <10 <10 <10 <10
Y&M A1 <10 <10 <10 1.1 xlO6 7.8 x 107
B1 <10 <10 <10 8.6 xlO4 8.1 x 106
C2 2 x 101 2 x 104 9 x 106 6.7 xlO5 7.7 x 107
D2 <10 5 x 101 5.4 xlO4 6.8 xlO4 3 x 107
1,2, Data with same number indicates products purchased and examined at same time.
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Table 4.8. Microbiological analysis of liver sausage (cfu g'1) stored at 5 and
12°C for 2 weeks
Organism Initial count 5°C 12°C
1 wk 2 wk 1 wk 2 wk
TVC A1 1.6 xlO4 3.9 xlO6 Not tested 4.8 x 107 1.1 xlO10
B1 1.6 x 106 4.5 xlO6 Not tested 5.6 xlO6 5.5 xlO8
C2 2.9 x 103 4 x 104 5.6 xlO6 1.5 xlO6 1.9 x 108
D2 2.9 x 103 5.6 xlO4 A o OJ 2.1 x 106 <104
Lactic acid A1 2.4 x 103 4.5 x 105 <104 4.6 x 106 3.4 x 109
bacteria B1 6.3 x 102 1.4 x 106 2.5 x 109 4.4 xlO6 <106
C2 <10 3.4 xlO4 <102 1.8 xlO5 2.2 xlO8
D2 <10 4 x 104 <102 2x 106 9.8 x 105
Enterobacteriaceae
A1 <10 5.4 x 105 Not tested 1 x 106 Not tested
B1 <10 5.8 x 105 Not tested 9.4 xlO5 Not tested
C2 <10 <10 <10 9.4 xlO4 <10
D2 <10 <10 6 x 101 <10 lx lO 7
Pseudomonas A1 <10 <10 <10 <10 <10
B1 <10 <10 <10 <10 <10
C2 <10 <10 <10 <10 <10
D2 <10 <10 <10 <10 <10
Y&M A1 <10 2.3 x 105 Not tested 2.4 x 105 Not tested
B1 <10 4.4 x 105 Not tested 1.4 xlO5 Not tested
C2 <10 <10 <10 <10 <10
D2 <10 <10 <10 <10 <10
1,2, Data with same number indicates products purchased and examined at same time.
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Table 4.9. Microbiological analysis of chicken roll (cfu g"1) stored at 5 and 12°C
for 2 weeks
Organism Initial count 5°C 12°C
1 wk 2 wk 1 wk 2 wk
TVC A1 <10 1.2 xlO4 5.9 x 10s 2.8 x 108 1.4 xlO9
B1 <10 <10 6.1 x 105 2.9 xlO7
r-oV
C2 1.1 x 104 2.7 x 106 4.7 xlO8 1.4 xlO8 2.6 xlO9
D2 1.6 xlO2 7.6 xlO8 Not tested 7 x 107 1.3 xlO9
Lactic acid A1 <10 1.8 xlO2 <10 1.3 xlO6 1.9 xlO8
bacteria B1 8 x 101
oy“HV <10 8.2 x 106 <105
C2 <10 4.9 x 104 1.1 xlO6 4.3 x 106 1.4 xlO7
D2 <10 1.9 xlO3 4.4 xlO5 2.2 x 106 2 x 107
Enterobacteriaceae
A1 <10 3.3 x 102 1.2 xlO5 2.5 x 106 9.0 x 108
B1 <10 <10 oV 8.9 x 107 <105
C2 3.3 x 103 1.8 xlO6 5.7 x 107 7.5 x 106 2 x 108
D2 2.8 xlO4 4.4 xlO6 Not tested 5.7 xlO7 2.5 x 108
Pseudomonas A1 <10 <10 <10 <10 1.6 xlO7
B1 <10 <10 <10 <10 OT“-4V
C2 <10 <10 <10 <10 <10
D2 <10 <10 <10 <10 <10
Y&M A1 <10 3.3 x 102 1.2 xlO5 7 x 104 3.6 xlO7
B1 <10 <10 <102 1.9 xlO3 <104
C2 3.3 x 103 1.8 xlO6 5.7 xlO7 6.2 xlO4 7 x 106
D2 2.8 x 104 4.4 x 106 Not tested 4.9 x 10s 9.7 x 106
1,2, Data with same number indicates products purchased and examined at same time.
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Table 4.10. Microbiological analysis of pate (cfu g-1) stored at 5 and 12°C for 2
weeks
Organism Initial count 5°C 12°C
1 wk 2 wk 1 wk 2 wk
TVC A1 <1 x 104 7.5 x 105 1.6 x 107 3.4 xlO7 2 x 109
B1 <1 x 104 1.1 xlO6 9.8 x 107 1x10s 3.6 xlO6
C2 4.3 x 105 4.7 x 104 2.1 xlO6 4.6 xlO5 1.7 xlO9
D2 6.3 x 104 3.1 x 104 1.4 xlO6 9.4 xlO6 2.3 x 109
Lactic acid A1
<1 x 103 <10 3.6 xlO6 <10 1.9 x 108
bacteria B1 <1 x 103 1.3 xlO6 2.2 x 106 <10 8 x 106
C2 7.3 x 10s 1.5 xlO8 1.9 xlO9 3.4 xlO8 1.9 xlO9
D2 1.4 xlO4 1.3 xlO8 7.5 x 10s 4.4 xlO8 2.2 xlO9
Enterobacteriaceae
A1 <10 <10 <10 <10 <10
B1 <10 <10 <10 <10 <10
C2 <10 <10 1.4 xlO5 <10 5.8 x 103
D2 <10 <10 <10 <10 <10
Pseudomonas A1 <10 2.8 x 104 9 x 106 <10 1.6 xlO7
B1 <10 1.4 x 10s 3x 107 <10 A H—4 o
C2 <10 <10 <10 <10 <10
D2 <10 <10 <10 <10 <10
Y&M A1 <10 <10 <10 <10 <10
B1 <10 <10 <10 <10 <10
C2 <10 7 x 102 1.9 xlO6 1.8 xlO4 1.9 xlO6
D2 <10 9.8 x 103 7.1 x 105 3.5x 106 6.2 x 105
1,2, Data with same number indicates products purchased and examined at same time.
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Table 4.11. Microbiological analysis of pork pie (cfu g'1) stored at 5 and 12°C
for 2 weeks
Organism Initial count 5°C 12°C
1 wk 2 wk 1 wk 2 wk
TVC A1 <10 <102 <102 8.8 xlO3 1.5 xlO4
B1 <10 A 1—* O tO <102 A O to 3.1x10s
C2 <10 2.8 x 10s 4.5 x 105 4.9 x 106 4.9 x 106
D2 1.1 xlO2 8.7 x 104 4.1 x 106 3.9 xlO6 5.8 xlO6
Lactic acid A1 <10 <10 <10 <10 1.8 xlO4
bacteria B1 <10 <10 <10 <10 <10
C2 <10 3.9 xlO4 2.1 xlO6 lx lO 6 2.1 x 106
D2 40 7.7 x 103 2.7 x 106 2.4 x 106 3.8 xlO6
Enterobacteriaceae
A1 <10 <10 <10 <10 <10
B1 <10 <10 <10 <10 <10
C2 <10 <10 <10 <10 <10
D2 <10 <10 8 x 102 <10 6 x 101
Pseudomonas A1 <10 <10 <10 <10 <10
B1 <10 <10 <10 <10 <10
C2 <10 <10 <10 <10 <10
D2 <10 <10 <10 <10 <10
Y&M A1 <10 <10 <10 <10 <10
B1 <10 <10 <10 <10 <10
C2 <10 1.9 xlO4 6.2 x 103 1.9 xlO4 3.1x10s
D2 <10 <10 2 x 102 2.8 xlO3 102
1,2, Data with same number indicates products purchased and examined at same time
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APPENDIX II
FITTED GROWTH CURVES FROM THE MEAT SPOILAGE MODEL IN 
CHAPTER 6.
Figure 6.7a: Growth of meat spoilage cocktail at 5°C (0% salt)
Figure 6.7b: Growth of meat spoilage cocktail at 5°C (2% salt)
Figure 6.7c: Growth of meat spoilage cocktail at 5°C (4% salt)
Figure 6.7d: Growth of meat spoilage cocktail at 5°C (6% salt)
Figure 6.8a: Growth of meat spoilage cocktail at 8°C (0% salt)
Figure 6.8b: Growth of meat spoilage cocktail at 8°C (2% salt)
Figure 6.8c: Growth of meat spoilage cocktail at 8°C (4% salt)
Figure 6.8d: Growth of meat spoilage cocktail at 8°C (6% salt)
Figure 6.9a: Growth of meat spoilage cocktail at 15°C (0% salt)
Figure 6.9b: Growth of meat spoilage cocktail at 15°C (2% salt)
Figure 6.9c: Growth of meat spoilage cocktail at 15°C (4% salt)
Figure 6.9d: Growth of meat spoilage cocktail at 15°C (6% salt)
Figure 6.10a: Growth of meat spoilage cocktail at 22°C (0% salt)
Figure 6.10b: Growth of meat spoilage cocktail at 22°C (2% salt)
Figure 6.10c: Growth of meat spoilage cocktail at 22°C (4% salt)
Figure 6. lOd: Growth of meat spoilage cocktail at 22°C (6% salt)
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APPENDIX III
Data from Chapter 8: Fitted growth curves for replicate conditions for TVC 
LAB and Enterobacteriaceae
Figure 8.10a Triplicate curves for TVC under 1-8 of 32 environmental conditions
Figure 8.1 Ob Triplicate curves for TVC under 9-16 of 32 environmental conditions
Figure 8.10c Triplicate curves for TVC under 17-24 of 32 environmental conditions
Figure 8.1 Od Triplicate curves for TVC under 25-32 of 32 environmental conditions
Figure 8.11a Triplicate curves for LAB under 1-8 of 32 environmental conditions
Figure 8.1 lb Triplicate curves for LAB under 9-16 of 32 environmental conditions
Figure 8.11c Triplicate curves for LAB under 17-24 of 32 environmental conditions
Figure 8.1 Id Triplicate curves for LAB under 25-32 of 32 environmental conditions
Figure 8.12a Triplicate curves for Enterobacteriaeaceae under 1-8 of 32 environmental 
conditions
Figure 8.12b Triplicate curves for Enterobacteriaeaceae under 9-16 of 32 
environmental conditions
Figure 8.12c Triplicate curves for Enterobacteriaeaceae under 17-24 of 32 
environmental conditions
Figure 8.12d Triplicate curves for Enterobacteriaeaceae under 25-32 of 32 
environmental conditions
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Figure 8.10a Triplicate curves of TVC under 1-8 of 32 environmental conditions
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Figure 8.10b Triplicate curves of TVC under 9-16 of 32 environmental conditions
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Figure 8.10c Triplicate curves for TVC under 17-24 of 32 environmental conditions
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Figure 8.10d Triplicate curves for TVC under 25-32 of 32 environmental conditions
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Figure 8.11a Triplicate curves for lactic acid bacteria under 1-8 of 32 environmental conditions
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Figure 8.11b Triplicate curves for lactic acid bacteria under 9 -1 6  of 32 environmental conditions
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Figure 8.11a Triplicate curves for lactic acid bacteria under 17-24 of 32 environmental conditions
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Figure 8.11d Triplicate curves for lactic acid bacteria under 25-32 of 32 environmental conditions
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Figure 8.12a Triplicate growth curves for Enterobacteriaceae under 1-8 of 32 conditions
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Figure 8.12b Triplicate growth curves for Enterobacteriaceae under 9-16 of 32 conditions
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Figure 8.12c Triplicate growth curves for Enterobacteriaceae under 17-24 of 32 conditions
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Figure 8.12d Triplicate growth curves for Enterobacteriaceae under 25-32 of 32 conditions
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APPENDIX IV
DATA FROM CHAPTER 9: SENSORY AND MICROBIOLOGICAL 
ANALYSIS
Table 9.2 Sensory score and microbiological analysis (cfu/g) of chicken
slurry stored in plastic bags at 5°C
Table 9.3 Sensory score and microbiological analysis (cfu/g) of chicken
sluny stored in plastic bags at 8°C
Table 9.4 Sensory score and microbiological analysis (cfii/g) of chicken
slurry stored in plastic bags at 12°C
Table 9.5 Sensory score and microbiological analysis (cfu/g) of chicken
stored in pots at 5°C: salt level 4% (w/w)
Table 9.6 Sensory score and microbiological analysis (cfu/g) of chicken
stored in pots at 5°C: salt level 2% (w/w)
Table 9.7 Sensory score and microbiological analysis (cfu/g) of chicken
stored in pots at 5°C: salt level 0% (w/w)
Table 9.8 Sensory score and microbiological analysis (cfu/g) of chicken
stored in pots at 8°C: salt level 4% (w/w)
Table 9.9 Sensory score and microbiological analysis (cfu/g) of chicken
stored in pots at 8°C: salt level 2% (w/w)
Table 9.10 Sensory score and microbiological analysis (cfu/g) of chicken
stored in pots at 8°C: salt level 0% (w/w)
Table 9.11 Sensory score and microbiological analysis (cfu/g) of chicken
stored in pots at 12°C: salt level 4% (w/w)
Table 9.12 Sensory score and microbiological analysis (cfu/g) of chicken
stored in pots at 12°C: salt level 2% (w/w)
Table 9.13 Sensory score and microbiological analysis (cfu/g) of chicken
stored in pots at 12°C: salt level 0% (w/w)
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Table 9.2: Sensory score and microbiological analysis (cfu/g) of chicken
slurry stored in plastic bags at 5°C
Hours 2% pH 5.5 
App Odour
2% pH 7.0 4% pH 5.5 
App Odour App Odour
4% pH 7.0 
App Odour
Control 
68 Treated 
Pseud
7 7 
6.7 7 
5.5E+03
7 7 
6.5 7 
1.9E+04
6 7 
6 7 
470
6 7 
6 6.3 
390
Control 
94 T reated 
Pseud
6 7 
6 7 
4.4E+03
6 7 
6 7 
3.8E+03
6 6 
6 6 
530
7 7 
6.3 5.7 
410
Control 
164 T reated 
Pseud
5 6 
5 5.7 
1.7E+05
5 6 
5 6 
1.3E+08
4 6 
4 6 
1.7E+04
4 6 
4 6 
1.9E+04
Control 
212 Treated
4 6 
4 5.7
4 6 
4 5
4 6 
4 5
4 6 
3 3.7
Pseud 1.2E+06 1.8E+07 3.4E+04 2.3E+06
Control 
262 T reated 
Pseud
4 6 
4 5 
1.7E+05
4 6 
3.7 3 
9.4E+07
5 6 
4.3 5 
7.9E+04
5 6 
3.7 3
2.4E+06
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Table 9.3: Sensory score and microbiological analysis (cfu/g) of chicken
slurry stored in plastic bags at 8°C
Hours 2% pH 5.5 2% pH 7.0 4% pH 5.5 4% pH 7.0 
App Odour App Odour App Odour App Odour
Control 
41 Treated 
Pseud
7 7 
7 7 
720
6 7 
6.3 6.3 
1.6E+03
6 6 
5.7 6 
250
7 7 
6.7 6 
590
Control 
65 T reated 
Pseud
6 7 
6.3 6.7 
820
7 7 
6 6.7 
2.5E+06
7 7 
6.7 7 
NT
7 7 
7 6 
180
Control 
91 Treated 
Pseud
6 7 
6 6.3 
1.6E+06
6 7 
6 6.3 
1.1E+07
6 7 
5.3 5.7 
5.2E+03
6 6 
5.3 5.7 
2.5E+03
Control 
161 Treated
6 6 
5 6
5 7 
4 5
6 6 
5 4.7
5 6 
3.7 3.7
Pseud 1.3E+07 1.0E+08 6.7E+04 2.4E+05
Control 
185 Treated
5 6 
4 5.7
5 6 
4 3.3
5 6 
4.3 4.7
5 6 
4 3.7
Pseud 1.0E+08 1.0E+08 1.0E+08 1.0.E+08
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Table 9.4: Sensory score and microbiological analysis (cfu/g) of chicken
slurry stored in plastic bags at 12°C
Hours 2% pH 5.5 2% pH 7.0 4% pH 5.5 4% pH 7.0 
App Odour App Odour App Odour App Odour
Control 
20 Treated 
Pseud
7 7 
6.3 6.7 
3.5E+03
7 7 
6.7 6 
6.7E+03
7 7 
7 6.7 
690
7 7 
6.3 6 
360
Control 
38 Treated 
Pseud
7 7 
6 6.3 
8.3E+05
6 7 
6 6 
2.6E+06
7 7 
6 6.7 
1.1E+03
7 6 
6 6.3 
690
Control 
62 Treated 
Pseud
7 7 
6 7 
5.7E+06
7 7 
6.7 6.7 
5.0E+07
7 7 
5.7 6 
30
7 7 
6 5 
NT
Control 
86 T reated 
Pseud
6 7 
5 6 
1.0E+08
7 6 
5.7 6 
1.0E+08
6 7 
5.3 5.7 
240
6 6 
5 4.7 
2.4E+05
Control 
138 T reated
6 6 
5.7 4.7
6 6 
5 3
6 6 
6 3.3
6 6 
2.7 3
Pseud 1.0E+08 1.0E+08 5.4E+07 2.3E+05
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Table 9. 5: Sensory score and microbiological analysis (cfu/g) of
chicken stored in pots at 5°C: salt level 4% (w/w)
Days/Hours pH 5.5 App Odour
pH 6.0 
App Odour
pH 7.0 
App Odour
Control 4 6 5 5 4 5
0 T reated 4 4.3 4 4 4 5
Pseud 20 20 5
Control 4 5 4 5 4 5
24 T reated 4 4.3 4 4.7 4 5
Pseud 10 20 5
Control 5 5 5 5 5 5
96 T reated 5 5 5 4.7 4.7 5
Pseud 5 5 5
Control 4 5 4 5 4 5
144 Treated 4 4.7 4 4 4 3.7
Pseud 5 5 20
Control 4 4 4 3 4 5
192 T reated 3.3 3.7 4 3.3 4 4
Pseud 330 330 5
Control 4 5 4 4 4 5
264 Treated 4 4 4 3 4 4
Pseud 5 5 30
Control 3 I 5 4 4 4 5
312 Treated 3 3.3 3.7 3.7 3.3 1 4
Pseud 470 20 1.8E+05
Control 4 4 5
360 T reated 3 3 3.7 3 Not tested
Pseud 7.9E+04 40
Control 4 4 4 4
456 Treated 3.3 W fm 3.7 1 4 Not tested
Pseud 2.5E+06 9.4E+03
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Table 9.6: Sensory score and microbiological analysis (cfu/g) of
chicken stored in pots at 5°C: salt level 2% (w/w)
Days/Hours pH 5.5 App Odour
pH 6.0 
App Odour
pH 7.0 
App Odour
Control 4 5 5 5 5 5
0 T reated 4 4.7 4 5 5 5
Pseud 5 5 5
Control 4 5 4 5 4 5
24 T reated 4 5 4 5 4 4.7
Pseud 40 10 20
Control 5 5 5 6 5 5
96 T reated 4.7 5 5 5.3 5 5
Pseud 5 5 5
Control 4 5 5 5 4 5
144 T reated 4 5 5 4.3 4 4.3
Pseud 5.1E+03 1.1E+03 700
Control 4 4 4 5 4 5
192 T reated 4 3 4 3.7 4 4
Pseud 140 7.9E+04 2.0E+03
Control 4 5 4 5 4 5
264 T reated 4 4.3 3.7 4 4 4
Pseud 3.0E+06 2.2E+06 3.1E+06
Control 4 4 4 5 4 4
312 T reated 3 2.7 3 3.3 4 3.3
Pseud 6.2E+07 6.8E+07 8.2E+07I Control 4 4 4 4 4 5
360 T reated 3 3 3.3 3 3.3 3.3
Pseud 5.0E+07 1.4E+08 1.4E+08
Control 4 4 4 4 4 4
! 456 T reated 2.3 2.7 2.5 2 3 3
Pseud 6.0E+07 1.3E+08 1.1E+08
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Table 9.7: Sensory score and microbiological analysis (cfu/g) of
chicken stored in pots at 5°C: salt level 0%
Days/Hours
pH 5.5 
App Odour
pH 6.0 
App Odour
pH 7.0 
App Odour
Control 5 5 5 5 5 5
0 T reated 5 5 5 5 5 5
Pseud 10 5 10
Control 4 5 4 5 4 5
24 T reated 4 5 4 5 4 5
Pseud 140 550 260
Control 5 5 5 6 5 6
96 T reated 5 5 5 5.7 5 5
Pseud 1.4E+03 970 1.9E+03
Control 4 5 4 5 5 5
144 T reated 4 4.7 4 4.7 5 5
Pseud 1.0E+05 1.9E+05 9.9E+04
Control 4 5 4 5 5 5
192 T reated 4 4 4 4 4.7 4.3
Pseud 3.8E+06 9.4E+06 7.0E+05
Control 4 6 4 5 4 5
264 Treated 4 4 3.7 3.7 3 3.3
Pseud 7.0E+07 1.1E+08 5.0E+07
Control 4 4 4 5 4 5
312 T reated 3 3 3 2.7 3.7 3.3
Pseud 3.0E+08 2.7E+09 1.30E+09
Control 4 4 4 4 4 5
360 T reated 2 2.3 3 3 3.3 3.3
Pseud 1.7E+08 2.5E+08 1 9E+09
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Table 9.8: Sensory score and microbiological analysis of chicken
stored in pots at 8°C: salt level 4% (w/w)
Days/Hours
pH 5.5 
App Odour
pH 6.0 
App Odour
pH 7.0 
App Odour
Control 6 7 7 7 7 6.5
0 T reated 6.7 7 6.3 7 6.3 6.7
Pseud 40 60 30
Control 6 6 6 6 6 6
72 T reated 6 5.7 5.3 5.3 5.7 6
Pseud 90 60 160
Control 6.5 6 6 6 6 6
96 T reated 5.7 5 5.7 5.7 5.7 5.3
Pseud 120 170 100
Control 6 6 6 6 5.5 5.5
120 T reated 6 5 6 5.7 5 5
Pseud 270 1.8E+03 210
Control 5.5 6 5 6 4 5
144 T reated 4 5 4 5 4.7 4.7 C
Pseud 280 6.0E+03 2.4E+03
Control 5 5 5 5 5 5
168 T reated 4 4.3 4 4.3 4 4
Pseud 690 6.2E+04 810
Control 5 6 5 5 5 6
264 T reated 4 4.3 5 4 4 4.3
Pseud 1.2E+05 5.6E+04 1.1E+06
Control 5 6 5 5 4 6
288 T reated 4.7 4 4.7 4.3 4 4
Pseud 4.1E+05 1.5E+G7 8.8E+05
223
Table 9.9: Sensory score and microbiological analysis of chicken
stored in pots at 8°C: salt level 2% (w/w)
Days/Hours
pH 5.5 
App Odour
pH 6.0 
App Odour
pH 7.0 
App Odour
Control 6 7 7 7 7 6.5
0 T reated 6 6 6 7 6.7 6.3
Pseud 70 60 50
Control 6 6 6 7 6 7
72 T reated 5.7 5 6 6 6 6
Pseud 1.0E+03 1.4E+04 2.6E+03
Control 6 6 6 6 6 6
96 T reated 6 5 6 5.7 5.7 5
Pseud 7.2E+03 4.6E+04 2.0E+05
Control 6 6 6 6 6 6
120 T reated 5.7 4.5 5 5 5 4.5
Pseud 3.8E+04 1.8E+07 1.9E+06
Control 5.5 6 5 6 5.5 6
144 T reated 5 4.7 5 5 5.3 4.7
Pseud 1.0E+06 3.4E+06 8.3E+06
Control 5 6 5 6 5 6
168 T reated 3.3 3.7 3.7 3.7 3.3 3.7
Pseud 2.3E+06 1.1E+08 1.2E+08
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Table 9.10: Sensory score and microbiological analysis of chicken stored in pots
at 8°C: salt level 0%
Days/Hours pH 5.5 App Odour
pH 6.0 
App Odour
pH 7.0 
App Odour
Control 6 6 6 7 7 7
0 T reated 6 6 6 7 7 7
Pseud 60 30 30
Control 6 6 6 7 7 7
48 T reated 5.7 5 5.7 5 5 5
Pseud 1.1E+04 7.6E+04 2.2E+04
Control 5 6 6 6 6 6
72 T reated 5 5 6 4.3 6 5.7
Pseud 1.7E+06 9.8E+06 2.7E+05
Control 5 6 6 6 6 6
96 T reated 4.3 4 4.7 4 5 5
Pseud 1.2E+08 3.2E+08 7.9E+07
Control 5 6 5 6 6 6
168 T reated 2.3 2.7 2 2.3 2 2
Pseud >1E+08 >1E+08 >1E+08
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Table 9.11: Sensory score and microbiological analysis of chicken
stored in pots at 12°C: salt level 4% (w/w)
Days/Hours
pH 5.5 
App Odour
pH 6.0 
App Odour
pH 7.0 
App Odour
Control 7 7 7 7 6 7
0 T reated 7 7 6.7 7 6 6
Pseud 10 <10 <10
Control 6 7 6 7 6 7
44 T reated 5.7 6 6 6.3 6.3 6
Pseud <10 10 100
Control 6 6 6 7 6 7
68 T reated 5 4.7 6 5.3 6 5.3
Pseud 70 220 7.3E+03
Control 5 6 6 7 6 6
164 T reated 5 4 5 5 5 5
Pseud 4.2E+07 2.3E+07 2.8E+07
Control 5 7 5 7 6 7
188 T reated 4 3 5 3.3 4.3 5
Pseud 5.3E+07 5.2E+07 5.6E+07
Control 4 5 4 5 6 5
236 T reated 3.3 2 3.3 3.7 3.7 4
Pseud 7.3E+07 7.9E+07 7.6E+07
Control 4 5 5 5 5 5
260 T reated 3.3 2 3 3 4 4
Pseud 4.6E+07 5.2E+07 4.4E+07
Control 4 4 5 5 5 5
332 Treated 3.7 2 1 3.3 3.3 4 4
Pseud 6.5E+07 8.6E+07 1.7E+08
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Table 9.12: Sensory score and microbiological analysis of chicken
stored in pots at 12°C: salt level 2% (w/w)
Days/Hours pH 5.5 App Odour
pH 6.0 
App Odour
pH 7.0 
App Odour
Control 6 7 6 7 6 6
0 T reated 5 5.7 6 5.7 6 6
Pseud 1.3E+04 1.3E+04 1.2E+04
Control 6 6 6 6 6 6
22 T reated 5 5 4.7 4 4 3
Pseud 3.8E+06 5.2E+06 1.2E+07
Control 5 5 5 6 5 6
44 T reated 3 3.3 3J L 4 2.3 3Pseud 9.0E+07 2.5E+08 2.6E+08
Control 6 5 6 6 5 6
92 T reated 3 2.7 2.7 3 2.7 3
Pseud 8.0E+08 2.6E+08 8.3E+08
Table 9.13: Sensory score and microbiological analysis of chicken 
stored in pots at 12°C: salt level 0%
Days/Hours pH 5.5 App Odour
pH 6.0 
App Odour
pH 7.0 
App Odour
Control 6 7 6 7 6 7
0 T reated 5.3 6 6 5.7 6 6
Pseud 7.1E+03 8.3E+03 1.0E+04
Control 3 3 5 7 6 6
j 22 T reated 3 3.7 4.7 4 4.3 4.3
Pseud 1.2E+07 4.4E+G7 6.0E+07
Control 4 4 4 6 5 6
44 T reated 4 3.3 4 3.3 3 4.7
Pseud 4.6E+08 3.9E+08 8.00E+08
Control 4 6 4 5 5 6
92 T reated 2 2.3 3 2.3 3.3 2.7
Pseud 5.3E+08 3.8E+09 1.3E+09
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